
 

Single-cell atlas of pancreatic cancer reveals 

microenvironment ecosystems associated 

with prognosis and treatment responses 

Constantinos Demetriou 

University College Oxford 

University of Oxford 

 

Supervisor: Prof Shisong Jiang 

Co-supervisor: Prof Eric O’Neill 

 

  

A thesis presented for the degree of Doctor of Philosophy 

Michaelmas Term 2025 



i 
 

Abstract 

Due to its late-stage diagnosis and resistance to broad range of therapies, pancreatic ductal 

adenocarcinoma (PDAC) remains one of the most lethal solid malignancies. The tumour 

microenvironment (TME), comprising of diverse malignant, stromal, and immune cell states, 

exhibits significant heterogeneity which profoundly influences patient prognosis, metastatic 

potential, and treatment responses. Advances in single-cell RNA-sequencing (scRNA-seq) 

technologies have enabled studies to perform high-resolution characterization of the neoplastic 

and TME cellular landscape, overcoming previous limitations of bulk transcriptomic 

approaches. Yet, the limited number of donors, variable experimental techniques, and 

inconsistent cell type definitions prevent these studies from serving as a universal reference for 

this disease. Integrating multiple single-cell datasets to construct cellular atlases can address 

these limitations, enabling a holistic interrogation of the cellular landscape while capturing 

extensive inter-patient variability necessary for effective patient stratification.  

Therefore, nine publicly available PDAC datasets were integrated to construct a comprehensive 

single-cell atlas. This single-cell atlas includes data from 126 individuals and a total of 565,584 

cells, encompassing a range of disease states, and treatment conditions. We reveal a diverse 

repertoire of cell states, many of which are strongly prognostic with patient outcomes across 

independent cohorts, highlighting their potential as biomarkers for clinical prognosis. 

Importantly, we discover five robust cellular ecosystems (CEs) associated with distinct clinical 

outcomes, malignant cell states, and genomic alterations. Notably, one CE defined by 

immunosuppressive and proliferative cell states across multiple cell types significantly predicts 

response to immunotherapy yet exhibits marked resistant to chemotherapy across multiple 
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cohorts. Additionally, the identified CEs show limited concordance with previously reported 

prognostic subtypes, indicating that our classification framework provides novel biological and 

clinical insights into the PDAC TME. Taken together, these CEs may facilitate effective patient 

stratification and may inform the development of novel therapeutic strategies. 
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Chapter 1 

Introduction 

1.1 Challenges in the clinical management of PDAC 

PDAC, which accounts for 90% of pancreatic cancers, is a highly lethal solid malignancy with 

rising cause of cancer-related deaths worldwide1. According to epidemiological studies, PDAC 

is currently the twelfth most common cancer, and the sixth leading cause of cancer-related 

deaths worldwide2. Additionally, due to its increasing annual incidence of 1%, PDAC is projected 

to become the second-leading cause of cancer-related mortality by 20303. Growing prevalence 

of risk factors such as age, smoking, alcohol consumption, obesity, diabetes mellitus, and 

chronic pancreatitis, contribute to the increase in incidence of PDAC4. The poor prognosis of 

PDAC is largely attributed to the lack of effective screening methods and the late onset of 

symptoms. Specifically, only around 20% of patients present with resectable disease at the time 

of diagnosis, while most patients present locally advanced (30-35%) or metastatic (50-55%) 

disease3. Even after curative-intent surgery, the majority of patients develop disease recurrence 

with a five-year survival rate of 12-27%5.  

Over the past two decades, key clinical trials including the Charité Onkologie (CONKO-001) 

trial6, and European Study Group for Pancreatic Cancer 4 (ESPAC-4)7, have established the 

clinical benefit of adjuvant gemcitabine, as a monotherapy or in combination with capecitabine, 

over resection alone in patients with non-metastatic PDAC8. Moreover, the Partenariat de 

Recherche en Oncologie Digestive (PRODIGE-24) trial showed that FOLFIRINOX demonstrated 

improved overall survival (OS), and disease-free survival (DFS) rates compared to gemcitabine, 
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with the expense of more toxic effects9. As a result, FOLFIRINOX is considered the standard 

adjuvant chemotherapy regimen for patients with improved performance status. 

In recent years, neoadjuvant chemotherapy (neo-CTx) has gained focus due to its effectiveness 

in borderline resectable pancreatic cancer (BRPC), and locally advanced pancreatic cancer 

(LAPC)10. Benefits of neo-CTx include early eradication of micrometastases, downstaging, 

enhanced suitability of patients for surgery, and increased rates of margin negative (R0) 

resections11 12. For example, the PREOPANC-1 trial for BRPC showed favourable outcomes to 

neoadjuvant gemcitabine-based chemoradiotherapy compared to surgery alone13. Moreover, 

patients with locally advanced or metastatic disease receive multiagent chemotherapy 

regimens, including FOLFIRINOX, GemCap, and irinotecan/fluorouracil3. Similar to the 

resectable PDAC, FOLFIRINOX has demonstrated improved outcomes compared to 

gemcitabine alone14. However, despite modest improvements with recent chemotherapeutic 

regimens, the overall prognosis of PDAC remains poor, with a five-year survival rate of 11%15. 

Nevertheless, due to the limited efficacy and considerable toxicity of systemic chemotherapy, 

targeted therapeutic approaches exploiting specific molecular vulnerabilities in PDAC have 

emerged as promising alternatives. For instance, PDAC patients harbouring germline or somatic 

BRCA mutations exhibit defective homologous recombination repair (HRR), requiring the Poly 

(ADP-Ribose) Polymerase (PARP) enzyme the repairs DNA single-strand breaks. Consequently, 

PARP inhibitors exploit synthetic lethality by selectively targeting HRR-deficient cancer cells 

while sparing normal cells with intact repair pathways. The Pancreas Cancer Olaparib Ongoing 

(POLO) study has shown that metastatic PDAC patients with germline BRCA mutations 

demonstrated improved progression-free survival (PFS) when treated with maintenance 

olaparib compared to placebo16. However, only a small fraction of PDAC patients is likely to 
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benefit from this treatment, as germline BRCA1/2 mutations occur in around 5 to 7% of cases17. 

Additionally, despite this selectivity, around 20% of BRCA-mutated patients display primary or 

acquired resistance due to the BRCA reversion mutations that restore HRR proficiency18. 

Immune checkpoint blockade (ICB) therapy has demonstrated remarkable responses in various 

other cancers; however, it has shown poor efficacy in unselected PDAC patients19. For instance, 

various phase II trials testing antibodies against cytotoxic T-lymphocyte antigen 4 (anti-CTLA-4) 

as a monotherapy or in combination with antibodies against programmed death-ligand 1 (anti-

PDL-1) showed only modest survival benefits20 21. Furthermore, combination of ICB with 

systemic chemotherapy, aimed at increasing neoantigen load and enhancing immune 

responses, has not resulted in improved responses22. Nevertheless, notable exception to ICB 

sensitivity is seen in patients harbouring microsatellite instability (MSI) or mismatch repair 

deficiency (dMMR). In the phase II KEYNOTE-158 trial, MSI-high (MSI-H) PDAC patients 

demonstrated durable responses to pembrolizumab monotherapy, albeit with lower efficacy 

compared to MSI-H colorectal cancer patients23. What is more, the extremely low prevalence of 

MSI-H PDAC patients, ranging from 0.8% to 2%, limits the broad accessibility of ICB in this 

disease24. 

Furthermore, despite the incredible success of chimeric antigen receptor (CAR) T cell therapy 

across cancer types25, their efficacy in PDAC remains limited. For instance, several phase I trials 

evaluating mesothelin (MSLN)-directed CAR T cells have shown limited efficacy in PDAC26 27. 

Similar to ICB, key challenges limiting CAR-T efficacy include extensive tumour heterogeneity, 

the dense fibrotic tumour microenvironment (TME) that restricts T cell infiltration, and 

immunesuppressive mechanisms that drive T cell exhaustion thereby impairing their function.  
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Despite advancements in chemotherapy, targeted therapies, and immunotherapy, treatment 

resistance remains a significant obstacle in PDAC, and survival outcomes remain dismal. A key 

contributor to poor treatment efficacy is the absence of robust predictive biomarkers that can 

guide patient stratification and improve therapeutic benefit. Thus, there is an urgent need to 

identify accurate molecular and TME biomarkers that can enable personalized treatment 

approaches, and improve efficacy while minimizing toxicity.  

1.2 Tumour heterogeneity of PDAC 

1.2.1 Genomic alterations 

Advancements in next generation sequencing (NGS) have enabled a comprehensive 

characterization of the mutational landscape of PDAC, revealing a large number of mutations 

and somatic copy number alterations (CNAs)28 29. Activating mutations in Kirsten rat sarcoma 

(KRAS) are near ubiquitous (90% cases), along with deletions of key tumour suppressor genes 

(TSGs) Cyclin Dependent Kinase Inhibitor 2A (CDKN2A), Mothers against decapentaplegic 

homolog 4 (SMAD4), and Tumour protein 53 (TP53) (50-75% cases)29. This is then followed by a 

long tail of less frequently mutated genes, involved in chromatin modification, DNA damage 

repair, and other mechanisms29 30. Furthermore, the process of malignant evolution has been 

extensively studied, and two models have been proposed. The stepwise progression model 

involves the gradual accumulation of the core driver mutations from pre-invasive pancreatic 

intraepithelial neoplasia (PanIN), towards infiltrating ductal carcinoma31. However, the more 

recently described punctuated model is based on the observation of simultaneous driver gene 

inactivations through chromosomal instability, leading to rapid tumour development and 

metastasis32. The latter model is more consistent with clinical findings of rapidly metastasizing 

tumours in certain patients (Fig. 1.1)33.  
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Figure 1.1 Stepwise and punctuated development models of PDAC. Proposed accumulation of 

somatic mutations in key driver genes (stepwise progression), while punctuated model involves 

accelerated progression during genomic instability of key driver genes. Created with Biorender.com 

Despite their essential role for understanding PDAC carcinogenesis, these frequently mutated 

genes have not been able to stratify patients for therapeutic decisions34. For instance, while 

KRAS mutation status has been linked to patient prognosis, no clear associations with treatment 

response have been identified35. However, recent efforts have yielded promising small-molecule 

inhibitors targeting the most common KRASG12D allele, including MRTX113336. Yet, despite their 

strong preclinical activity, adaptive resistance limits the long-term clinical efficacy of these 

inhibitors, underscoring the need for novel combination strategies37. Conversely, the minority of 

PDAC tumours lacking KRAS mutations (<10%) represent a clinically distinct subgroup that are 

sensitive to targeted therapies, such as anti-epidermal growth factor receptor (anti-EGFR) 

nimotuzumab38. Collectively, the limited utility of genomic biomarkers in guiding treatment 

selection has shifted attention towards transcriptomic profiling. 
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1.2.2 PDAC transcriptomic subtypes 

In recent years, large-scale gene expression studies of primary PDAC tumours have produced 

three clinically relevant classification systems published in rapid succession. These included 

the Collisson et al.39 three-subtype classification (classical, quasi-mesenchymal (QMA), or 

exocrine-like), the Moffitt et al.40 two- subtype classification (basal and classical), followed by 

the Bailey et al.41 four-subtype classification (squamous, immunogenic, pancreatic progenitor 

or aberrantly differentiated endocrine exocrine (ADEX)). Based on their prognostic, and 

biological similarities, these classifications converged to two major subtypes, the basal-like 

(QMA, basal, squamous), and the classical/progenitor subtypes, with the former associated 

with poor differentiation, worse outcomes, and resistance to therapy42. Separate studies, 

including The Cancer Genome Atlas (TCGA), revealed that the immunogenic and ADEX subtypes 

from Bailey et al., and the exocrine-like subtype from Collisson et al., reflected contaminating 

gene expression of non-malignant cells, as they were mainly found in low-tumour cellularity 

samples28. 

Furthermore, Chan-Seng-Yue et al. performed de novo reclassification of PDAC subtypes in 

patients of primary and metastatic tumours, refining the two subtypes into five: “basal-like A”, 

“basal-like B”, “hybrid”, “classical A”, and “classical B” (Fig. 1.2)42. This analysis revealed that 

basal-like A were enriched in metastatic disease, and basal-like B tumours were more common 

in localized disease. Importantly, this study also identified previously understudied genomic 

alterations that could contribute to the divergence of the basal-like and classical phenotypes. 

Biallelic loss of SMAD4 and GATA binding protein (GATA6) amplification were observed in 

classical phenotypes, while biallelic loss of TP53 and/or CDKN2A along with KRAS mutant allele 

amplification were observed in basal-like phenotypes42. The increase in mutant KRAS gene 
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dosage leading to more aggressive phenotype has been supported by previous mouse model 

and human studies43 35. Thus, these findings posit that early acquisition of copy number 

alterations in driver gene mutations give rise to molecular subtypes, contributing to the 

substantial clinical heterogeneity of this aggressive disease. 

 

Figure 1.2 Previously published transcriptomic subtypes of PDAC. Each row indicates individual 

classification systems. Overlapped bars highlight the subtype similarities between classifications. The 

width of the bars does not indicate the frequency of subtypes. ADEX: Aberrantly differentiated endocrine 

exocrine. Created with Biorender.com 

Beyond genomic alterations, other factors such as epigenetic transcriptional regulators, have 

been shown to shape PDAC subtype identity and display significant clinical implications. For 

instance, Eyres et al. revealed that aggressive basal-like PDAC subtypes arise from the loss of 5-

hydroxymethylcytosine (5hmC), leading to epigenetic silencing of loci such as GATA6, which is 

critical for maintaining the differentiated classical phenotype44. Specifically, the loss of 5hmC 

occurs due to reduced expression of the 5-methylcytosine hydroxylase Tet methylcytosine 

dioxygenase 2 (TET2), which is itself driven by SMAD4 loss. Importantly, pharmacologically 

stabilization of TET2 using metformin and vitamin C/ascorbic acid restored 5hmc and GATA6 
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levels, thereby re-establishing the classical phenotype, which is associated with improved 

survival. Similarly, another study using a PDX mouse model demostrated that pharmacological 

inhibition of the chromatin modifier Bromodomain-containing protein 4 (BRD4), which is 

involved in maintaining the aggressive basal-like subtype, promotes the classical phenotypic 

state45. These studies emphasize the potential of pharmacologically targeting subtype-specific 

chromatin modifiers and transcription factors (TFs) as a promising therapeutic strategy.  

1.2.3 Subtype-specific biomarkers and treatment responses 

The clinical utility of the PDAC subtypes for predicting treatment responses was first evaluated 

in the COMPASS (NCT02750657) trial46. This prospective study revealed that PDAC patients 

presenting the basal-like subtype, defined by low in situ ribonucleic acid (RNA) expression of 

GATA6, responded poorly to combination chemotherapy of GemCap with modified FOLFIRINOX 

(mFOLFIRINOX)47. Conversely, patients with high GATA6 RNA expression showed significantly 

better responses, thus, proposing that GATA6 may act as a robust surrogate biomarker for 

subtype-based stratification and chemotherapy response. Likewise, basal-like specific markers 

have also been proposed, including Keratin 17 (KRT17)48.  

However, despite the promising potential of using surrogate markers for subtype stratification in 

clinical settings, advances in single-cell RNA-sequencing (scRNA-seq) have shown that these 

subtypes often co-exist within individual tumours42. This pronounced intra-tumour 

heterogeneity (ITH) poses a significant challenge, and is a key driver of therapy resistance, 

metastasis, and poor clinical outcomes. Additionally, recent studies revealed intermediate or 

“hybrid” transcriptional cell states expressing both GATA6 and KRT1749, suggesting a continuum 

between classical and basal-like phenotypes, further complicating clinical decision making. 

Thus, understanding the intrinsic and extrinsic factors driving this subtype plasticity is key. 
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Furthermore, a recent study using pre-clinical models revealed that the local TME could 

modulate PDAC neoplastic subtypes50. Parallel heterogeneity across neoplastic, stromal, and 

immune cell states suggests that these compartments coordinate with each other during 

disease progression. However, the mechanisms underlying this cross-compartment 

heterogeneity, and its impact on prognosis and treatment response, remain poorly understood 

in PDAC, thus warranting further investigation.  

1.3 Stromal and immune components of the PDAC TME 

1.3.1 Cancer-associated fibroblast (CAF) heterogeneity 

In recent years, scRNA-seq studies have expanded our understanding of the transcriptomic and 

phenotypic heterogeneity of CAFs in PDAC. CAFs have been shown to display diverse and 

context-dependent roles, exerting either tumour-restraining or tumour-promoting activities51 52 

53. It is suggested that CAFs originate from tissue-resident stellate cells, which become activated 

during PDAC development54. 

Various studies have identified two broadly defined CAF subpopulations, referred to as 

myofibroblastic CAFs (myCAFs) and the inflammatory CAFs (iCAFs), that display distinct 

phenotypic, spatial, and functional activities55 56. The myCAFs display upregulation of 

Transforming growth factor β (TGFβ) signalling, high expression of α-smooth muscle actin 

(αSMA) involved in enhanced tissue stiffness, and are localized adjacent to tumour regions. 

Targeted depletion of αSMA+ CAFs in mouse models not only accelerated tumour growth but also 

enhanced the infiltration of immunosuppressive cells within the TME, suggesting a tumour-

restraining role of myCAFs52. Conversely, iCAFs are defined by the expression of cytokines such 

as Interleukin-6 (IL-6), Leukaemia inhibitory factor (LIF), and C-X-C motif chemokine ligand 12 
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(CXCL12), and are found more distant to the neoplastic cells51. CAFs secreting CXCL12 and C-

C motif chemokine ligand 2 (CCL2) have been shown to promote tumour progression and 

decreased overall survival, as these cytokines are involved with T cell exclusion, and recruitment 

of immunosuppressive myeloid cells, respectively57 58 59. Furthermore, Elyada et al. revealed a 

third CAF subpopulation termed antigen-presenting CAFs (apCAFs), defined by high expression 

of major histocompatibility complex II (MHCII) and CD74, however lack the expression of 

costimulatory molecules, indicating that apCAFs cannot function as expert antigen-presenting 

cells56. Instead, apCAFs have been shown to directly ligate and induce naïve CD4+ T cells into 

regulatory T cells (Tregs), thus mediating immunosuppression60.  

Moreover, recent advancements of single-nucleus RNA-sequencing (snRNA-seq) enabled 

further expansion of CAF subsets, leading to four new classifications, including the adhesive 

(ADH-F), myofibroblastic (MYO), immunomodulatory (IMM), and neurotropic (NRT) 

programmes61 . The MYO state resembled the myCAF phenotype, while the ADH-F, IMM, and NRT 

CAFs represented different iCAF subsets, however the apCAF was not identified in this study. 

Notably, this study revealed enrichment of the ADH-F and IMM CAF states following neo-CTx 

compared to untreated samples, indicating treatment-induced stromal cell remodelling61. 

Moreover, a separate scRNA-seq study identified a subset of CAFs expressing complement 

regulatory factors (C3, C7, and CFD), termed complement-secreting CAFs (csCAFs), which were 

shown to promote inflammation and immune activation62. This subset was enriched in stage I 

PDAC and decreased during tumour progression, suggesting a tumour-repressive role (Fig. 

1.3)63.  
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Figure 1.3 Key characteristics of previously identified CAF subtypes. Cytokines and other features are 

described from the corresponding publications. Created with Biorender.com 

The identification of spatially distinct subTMEs revealed functional differences of CAFs that carry 

therapeutic and prognostic significance64. Specifically, CAFs originating from ‘reactive subTMEs’ 

were enriched for EMT, TGFβ signalling, as well as inflammatory signalling with immune hot 

features, whereas those derived from ‘deserted subTMEs’ displayed extra cellular matrix (ECM)-

rich, lower CAF activation markers, and were enriched following chemotherapy. Reactive 

subTMEs were associated with the basal-like neoplastic phenotype, while deserted subTMEs 

were more associated with the classical phenotype, further supporting the notion that both the 

neoplastic and TME compartments coevolve during disease progression. However, conflicting 

evidence indicates that basal-like epithelium is associated with an ECM-rich stroma, while the 

immune-rich stroma tends to correlate with the classical epithelial phenotype65. Thus, no clear 

consensus between the CAF and PDAC neoplastic heterogeneity has been established, and 

given the emergence of newly defined CAF subsets, further investigation is warranted. 
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1.3.2 The immunosuppressive landscape of PDAC 

Immunosuppression is a hallmark of PDAC, as its TME is predominantly enriched with 

immunosuppressive myeloid cells and characterized by extensive T cell dysfunction and 

exclusion mechanisms66. Additionally, PDAC is considered one of the most immunotherapy-

resistant tumours, and even ICB response rates of MSI-H PDAC tumours are substantially worse 

compared to MSI-H tumours of other cancer types67. Consequently, a deeper understanding of 

the mechanisms underlying T cell immunosuppression, which limit the efficacy of 

immunotherapy, is urgently needed.  

In recent years, scRNA-seq studies have revealed key communications that drive T cell 

immunosuppression in PDAC68 69. One key finding is the elevated expression of the immune 

checkpoint receptor T cell immunoreceptor with Ig and ITIM domains (TIGIT), which regulates 

NK and T cell-mediated recognition of cancer cells, and is strongly linked with T cell 

exhaustion68. Consistent with these observations, blockade of the CD155 (PVR)-TIGIT axis in 

combination with PD-1 co-inhibition and CD40 agonism, has been shown to reinvigorate 

tumour-reactive T cells in vivo70. Furthermore, an integrated analysis of the PDAC cellular 

communication networks identified Galectin-9 (encoded by LGALS9) as a primary immune 

checkpoint molecule derived from tumour-associated macrophages (TAMs)71.  

Furthermore, scRNA-seq studies have further enabled detailed characterization of the 

phenotypic and functional diversity of the PDAC immune landscape68 69. One study profiling the 

T cell landscape by scRNA-seq and T cell receptor-sequencing (TCR-seq) identified key CD8+ T 

cell states, including the pre-dysfunctional (CD8-GZMK), exhausted (CD8T-CXCL13), tissue-

resident memory (CD8T-ZNF683), and cytotoxic (CD8T-GZMB/PRF1) phenotypes69. Additionally, 
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another study revealed activated Tregs expressing high levels of checkpoints TIGIT, ICOS, CTLA4, 

and CD3972.  

Moreover, multiple scRNA-seq studies have revealed extensive heterogeneity of the myeloid 

compartment in PDAC71. TAMs are characterized by high expression of complement factors, 

including C1QA, C1QB, and Triggering receptor expressed on myeloid cells 2 (TREM2), which 

have been shown to drive T cell exhaustion73. Further studies revealed a subset TAMs expressing 

high apolipoprotein E (APOE), which has been reported to drive nuclear factor κ B (NFκB)-

mediated immunosuppression by enhancing CXCL1 and CXCL5 expression in tumour cells, 

thereby recruiting immunosuppressive myeloid-derived suppressor cells (MDSCs) and 

suppressing CD8+ T cell infiltration74.  Additionally, a recent study identified IL-1β+ TAMs 

associated with pathogenic inflammation and worse outcomes75. Taken together, these studies 

highlight the powerful utility of single-cell analyses in advancing our understanding of the 

immune cell landscape of PDAC, and elucidating key mechanisms of immunosuppression. 

1.3.3 Cross-compartment communications of PDAC 

Various studies have investigated the mechanisms by which TME extrinsic signals modulate 

PDAC subtype identity, and conversely, how distinct neoplastic cell states influence and 

potentially shape the surrounding TME. For example, infiltration of macrophages has been 

shown to maintain the basal-like phenotype in PDAC, and loss of TAMs through a colony 

stimulating factor 1 receptor (CSF1R) inhibitor caused a reduction of the squamous gene 

expression program and an increase of the ADEX and immunogenic phenotypes76. Moreover, Tu 

et al. revealed that TAM-derived TNF-a forces classical-like PDAC cells into the aggressive basal-

like phenotype through a cJUN/AP1 lineage reprogramming77. In turn, basal-like cancer cells 

secrete CCL2, recruiting tumour necrosis factor α (TNF-α)-secreting macrophages, thus further 
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maintaining basal-like subtype identity. Furthermore, experiments using orthotopic mouse 

models revealed that the basal-like/squamous tumour protein 63 (TP63) transcriptionally 

induces the expression of proinflammatory cytokines such as IL-1α and CXCL1 generating the 

iCAF phenotype, which in turn recruits immunosuppressive neutrophils78. Overall, these studies 

reveal clear bidirectional reprogramming between the neoplastic and immune and stromal cell 

compartments, which collectively shape the PDAC TME and impact prognosis and treatment 

responses.  

However, the use of different approaches, such as bulk versus single-cell RNA-seq, and 

variations in cell type annotations across studies has led to diverse observations, and 

consequently, no consensus regarding the cross-compartment interactions has been reached. 

Furthermore, conflicting observations have been reported regarding tumour-TAM interactions. 

For instance, one study observed that classical PDAC tumours were enriched with angiogenic 

secreted phosphoprotein 1 (SPP1) + TAMs, whereas a recent scRNA-seq analysis associated this 

TAM population with basal-like tumours79 80. Therefore, accurately characterizing the 

coordinated tumour-TME heterogeneity and the complex network of interactions is of 

considerable importance, as this may help elucidate mechanisms of treatment failure and guide 

effective patient stratification for prospective therapeutic strategies. 

1.4 Single-cell atlas of PDAC 

The application of scRNA-seq approaches has enabled detailed analyses of the tumour and TME 

cellular landscapes at high resolution. However, individual studies often exhibit specific biases 

due to differences in experimental protocols and sequencing technologies. Moreover, most 

datasets include a limited number of samples, lacking the scale and diversity required to fully 

capture the cellular and inter-patient heterogeneity of PDAC. To overcome these limitations, 
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integration of individual studies to construct single-cell atlases has provided novel insights that 

were not accessible from individual datasets. For instance, reference atlases have enabled the 

discovery of unknown cell types81 82, the comparison of animal and human cell types83, and 

patient stratification for disease subtypes84. Notably, a single-cell atlas of the human, which 

included 706 healthy samples across 35 tissues, revealed 12 cross-tissue coordinated 

multicellular ecosystems85.  

Therefore, to overcome the limitations of previous scRNA-seq studies of PDAC, we aim to 

construct a single-cell atlas to enable a holistic interrogation of the neoplastic and TME cell 

heterogeneity across a large cohort of patient samples. Our analysis will expand on previous 

efforts in several key aspects: 

 Include normal pancreas or adjacent-to-tumour (NAT), primary PDAC tumour (PT), and 

metastatic tumour (MT) samples to investigate shifts in cell state abundance during 

disease progression. 

 Include neo-CTx-treated samples to investigate chemotherapy-induced remodelling of 

cell state phenotypes and abundances. 

 Utilize large scale single-cell atlas to identify robust PDAC cellular ecosystems (CEs) and 

investigate their associations with disease progression, patient prognosis, and treatment 

response. 

 Perform de novo identification malignant cell states and investigate their relationships 

with the identified cellular ecosystems. 

 Investigate genomic alterations to elucidate the molecular mechanisms underlying 

distinct cancer cell states, and cellular ecosystems.  
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Using these approaches, we constructed a large-scale single-cell atlas of PDAC comprising 

565,584 cells from 126 individuals. Through this analysis, we revealed 53 TME and 6 malignant 

cell states, expanding on previous classifications and elucidating their associations with 

disease progression and treatment context. Furthermore, we identified five robust CEs, which 

were validated using spatial transcriptomics, bulk RNA-seq datasets, and cytokine profiling. 

Importantly, distinct cell states and CEs were significantly associated with patient outcomes, 

and exhibited differential responses to chemotherapy and ICB. Collectively, these findings 

indicate that the identified CEs may serve as promising biomarkers for patient stratification and 

novel treatment strategies for this highly aggressive disease.  
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Chapter 2 

Methods 

2.1 Curation of human PDAC scRNA-seq datasets 

Publicly available scRNA-seq data of NAT, PT, and MT PDAC samples were collected from 

multiple sources. These include Steele et al.68 (GSE155698), Zhang et al.86 (GSE197177), Werba 

et al.87 (GSE205013), Zhou et al.88 (https://data.humantumoratlas.org), Lin et al.89 (GSE154778), 

Moncada et al.90 (GSE111672), Oh et al.91 (GSE231535), Peng et al.92 (GSA: CRA001160), and Xue 

et al.93 (GSE202742).  

2.2 Pre-processing and quality control of scRNA-seq datasets 

The Seurat (v4.3.0) R package was used for main scRNA-seq processing and analysis steps. 

Datasets underwent pre-processing and quality control individually prior to integration. For each 

sample, low-quality cells with fewer than 200 genes and high proportion (>15%) of transcript 

counts derived from mitochondrial-encoded genes were removed. Removal of potential cell 

doublets was performed by excluding cells with extremely high read counts. Thresholds were 

determined in each study separately by visual inspection of the distributions, which are listed in 

Fig.  3.1b. Additionally, contaminating red blood cells with high proportion (>5%) of transcript 

counts derived from haemoglobin-encoded genes were removed. Available clinical information 

from each dataset, including tumour stage, gender, age, and tumour grade, were harmonized 

and included in Seurat meta-data. Processed datasets were then merged into a single Seurat file 

prior to integration. 
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2.3 Integration and cluster annotation of scRNA-seq datasets 

The top 3000 highly variable protein coding genes were used for integration were selected using 

FindVariableFeatures, followed by SelectIntegrationFeatures.  The merged dataset was 

converted to ‘anndata’ file format required for scVI integration using the scvi-tools python 

package94. An scVI model was created and trained using the recommended parameters94. Each 

patient sample was considered as an individual batch. The latent embeddings generated from 

scVI were projected to a two-dimensional space using the uniform manifold approximation and 

projection (UMAP) dimensionality reduction method95. Clusters were calculated using the 

Louvain algorithm at various resolutions (0.1-0.4) and cell types were annotated based on 

canonical cell marker expression derived from the literature. Next, cell type annotations were 

used from scVI integration to initialize the semi-supervised scANVI model with the 

recommended parameters from scvi-tools96. Similar to scVI, each patient sample was 

considered as an individual batch for scANVI integration. The latent embeddings generated from 

scANVI were projected to a two-dimensional space using the UMAP dimensionality reduction 

method. Clusters were calculated using the Louvain algorithm at various resolutions (0.1-0.4) 

and noisy/contaminating clusters were removed. Cell types were then re-annotated. The 

analysis workflow covering dataset quality control (QC), normalization and integration, is shown 

in Fig. 2.1. 
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Figure 2.1 PDAC single cell atlas preparation workflow. Analysis workflow covering pre-processing, 

quality control, integration and cell type annotation of the PDAC single cell atlas. HVGs: highly-variable 

genes. 

2.4 Benchmarking integration methods 

To compare multiple integration methods, we down-sampled the PDAC single cell atlas and 

performed integration with FastMNN97, Seurat’s RPCA98, Harmony99, scVI100, and scANVI96 using 

default parameters. For both FastMNN, and Seurat’s RPCA which require dataset splitting before 

integration, each study was used as an individual batch. Two metrics for both bio-conservation 

of cell type labels and batch correction of study labels were evaluated and are described below: 

Bio-conservation metrics: 

 Cell-type Local Inverse Simpson’s Index (cLISI)99: Calculates the cell type mixing in local 

neighbourhoods from integrated graph embeddings. Because lower cLISI values 

indicated stronger separation of cell types, we inverted the metric (1 – mean cLISI) so that 

higher values corresponded to better cell type separation. The lisi (v1.0) R package was 

used for this calculation. 

 

 Cell-type Adjusted Rand Index (ARI): Compares the overlap of two clustering labels101. 

Cell-type labels were compared with Louvain clustering computed on the integrated 
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dataset using the same resolution (0.6) across integration methods. An ARI of 0 to 1 

represents poor overlap and perfect match, respectively. The mclust (v6.1.1) R package 

was used to calculate ARI.   

Batch correction metrics: 

 Batch integration LISI (iLISI): Similar to cLISI but calculates batch mixing in local 

neighbourhoods from integrated graph embeddings. iLISI scores range from 1 to N, where 

N is the total number of batches (Study labels) in the dataset. Scores closer to N indicate 

better batch mixing. 

 Batch integration ARI: Similar to cell-type ARI but compares the overlap of the Louvain 

clustering with the batch labels (Study), with values closer to 0 indicating better batch 

mixing. To ensure higher scores indicate better batch mixing, the scores were scaled by 

subtracting them from 1. 

Next, average scores for bio-conservation and batch correction ranks were computed 

separately, and an overall integration score was computed by taking a weighted average of batch 

correction and bio-conservation scores, with a 40/60 weighting, respectively102 103. 

2.5 Gene signature and pathway enrichment analysis 

Curated gene signatures and their publication source are found in appendix (Supplementary 

Table 11). The Seurat’s AddModuleScore function was used to calculate signature scores in 

individual cells. The scaled signatures scores were visualized in heatmap using the 

ComplexHeatmap (v2.24.1) R package. For pathway enrichment analysis, differentially 

expressed genes (DEGs) between groups were first calculated using the Seurat’s FindAllMarkers 

function. Gene set enrichment analysis (GSEA) was then run using fgsea (v1.34.2) for MsigDB 
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Gene Ontology (GO): Biological Process (BP), and Hallmark gene signatures obtained from the 

msigdbr (v25.1.1) package104. All genes tested for differential expression was used for GSEA at 

1000 permutations. The log fold change (logFC) was used as ranking metric. 

2.6 Discovery of PDAC CEs 

CEs were estimated using two complementary modules. Fist, cell state frequencies within their 

corresponding cell types were computed generating a normalized frequency matrix of 53 cell 

states (rows) x 129 patient samples (columns). Consensus clustering was then performed using 

ConsensusClusterPlus (v1.72.0) package to identify sample clusters with variable cell state 

frequencies. To ensure robustness, we ran 2 to 15 k clusters at 1000 permutations with the 

partitions around medoids (PAM) algorithm105. The optimal number of k clusters was selected 

based on the highest average silhouette width (ASW). Subsequently, a two-sided Wilcoxon test 

was performed to compare normalized cell state frequencies between consensus clusters. Cell 

states enriched within each consensus cluster were ranked based on a combined metric of 

logFC x -log10(p-value) values. 

In the second approach, pairwise Pearson correlations were computed between all cell states 

using the normalized frequency matrix, generating a 53 x 53 cell state correlation matrix. 

Positively correlated cell state pairs (R > 0.1) were retained to construct a network graph using 

the igraph (v2.1.4) R package, with nodes representing cell states and edges weighted by 

correlation coefficients. The R > 0.1 threshold was applied as a lenient filter to remove spurious 

associations, while retaining weak to moderate cell state associations in sparse frequency data. 

Louvain clustering was applied on the network graph to detect communities of highly correlated 

cell states106. A resolution of 1 was performed. 
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Next, a Jaccard similarity matrix was generated to compare the consensus and Louvain 

clustering and overlapping cell states between both clustering approaches were considered as 

core CEs. The convergence between independent modules mitigates the limitations of using a 

lenient correlation threshold. Additional cell states that uniquely correlated with CE abundance 

were incorporated to the core CEs, generating the extended CEs. The igraph package was then 

used to visualize CE networks, with nodes coloured by cell type and the edges coloured by 

correlation coefficients. Analysis workflow is shown in Fig. 2.2. 

 

 

Figure 2.2 CE discovery workflow. First analysis involves consensus clustering of the cell state x sample 

normalized frequency matrix using PAM clustering. Cell states of clusters 1 to K are prioritized based on 

ranking metric (logFC * -log10(p-value)). Next analysis involves constructing a cell state x cell state 

pairwise correlation matrix and subsequent Louvain community clustering. The overlapping cell states 

between consensus and Louvain correlation clusters are considered as CEs. PAM: Partition around 

medoids; CE: Cellular ecosystem. 
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2.7 CE type (CET) classification of patient samples 

The CE abundance was measured by taking the average of cell state frequencies within each CE, 

and a min-max normalization was applied so that CE abundances ranged from 0 to 1 in each 

sample. Next, each sample was assigned a CET label based on its most abundant CE. For 

example, if a sample exhibited the highest CE1 abundance across the five CEs, it was labelled 

as  CET1. 

2.8 Spatial transcriptomics (ST) analysis 

2.8.1 Curation of ST data 

Spatially resolved transcriptomics data were collected from Zhou et al.107. Data included 15 slide 

sections, with certain sections originating from the same patient at different regions. 

2.8.2 Identification of cell states and CEs 

For deconvolution of spatial transcriptomic data, we utilized conditional autoregressive-based 

deconvolution (CARD)108, a non-negative matrix factorization model that uses cell type-specific 

gene expression information from scRNA-seq data as well as spatial correlation for accurate and 

robust deconvolution. We used the scRNA-seq integrated atlas as a reference to obtain cell 

state signatures. The scRNA-seq data was first subsampled to 100 cells per cell state, for all 53 

TME cell states. By following the recommended parameters of CARD, we set N = 5 as the 

minimum number of counts for each gene, and N = 5 as the minimum number of counts for each 

spatial location. This resulted in the expected cell state abundance in each spot. Similar to 

patient samples (Methods 2.7), the CE abundance in each spot was computed by taking the 

average of cell state frequencies within each CE, and a min-max normalization was applied so 

that CE abundances ranged from 0 to 1 in each spot. 
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A unique feature of CARD is its ability to construct a refined tissue map with higher resolution 

than that measured in the original study108. We set N = 10,000 as the number of grids and used 

this feature for downstream analysis. 

2.8.3 Colocalization analysis 

For each CE, we calculated Pearson correlation coefficients between cell state frequencies 

using the refined frequency matrix. We compared correlations for pairs in which both cell states 

belonged to the same CE (“same CE: yes”) with those where only one cell state was part of the 

CE (“same CE: no”). For each pair type, the median correlation coefficient was computed across 

all spatial sections. Colocalization specificity between pair types was then assessed using a 

paired Wilcoxon signed-rank test. Global colocalization scores were computed as described 

previously85.  Specifically, we defined a score for each CE as the proportion of correlations 

among “same CE: no” CE pairs that were less than or equal to the median correlation of “same 

CE: yes” CE pairs. This provided a normalized measure of colocalization relative to global 

correlations. 

2.8.4 Spatial aggregation analysis 

To evaluate the spatial aggregation of cell state components within CEs, we applied the local 

Moran’s Index (I)109, using the spdep R package (v1.3-13). Spot coordinates of the refined 

frequency matrix were extracted using the CARD package and used to define spatial 

neighbourhoods via k-nearest neighbours (k = 6), which were then used to construct a spatial 

weights matrix. For each spot, local Moran’s I was calculated for each cell state as a measure of 

spatial autocorrelation and Pearson correlation coefficients between cell state local Moran’s I 

were computed. Next, similar to the colocalization analysis, correlations were compared 
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between “same CE: yes” and “same CE: no” pair types, and an aggregation score was derived 

for each CE, using the local Moran’s I instead of estimated abundance.  

2.8.5 Comparison of CEs with morphological-based clusters 

To independently validate CEs, we applied the Spatial Morphological gene Expression (stSME) 

clustering method from the stLearn python package110, which integrates gene expression, tissue 

morphology, and spatial proximity to adjust gene expression and improve cell type 

classification. The stSME algorithm was run with default parameters to generate an adjusted 

gene expression matrix for each spatial section. Louvain clustering implemented in the Seurat 

package was then performed on the stSME-normalized expression matrix to identify 

morphology-informed clusters. Validation was assessed by measuring the overlap between 

annotated CEs and these clusters, as well as by comparing pathway activity profiles. 

2.9 Cell-cell communication analysis 

2.9.1 Cell type communication analysis 

Comparison of cell type communications across tissue types and treatments was performed 

using the multinichenetr R package (v2.1.0)111, using the study labels as individual samples.  

2.9.2 CE communication analysis 

Given the large number of cells, we subsampled the single cell atlas to balance the contribution 

of each cell state. Specifically, we subsampled to 1,000 cells per cell state. In cases where cell 

states did not exceed 1,000 cells, all cells were included. This approach prevented bias towards 

cell states with larger cell numbers. Cell-cell interactions within CEs were then inferred using 

the CellChat (v2.2.0) package112, by averaging results across the corresponding cell states. To 
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compare pathway activities between CEs, we computed the average communication probability 

for each pathway, generating a matrix with communication pathways as rows and CEs as 

columns. For each CE, we retained the top 15 pathways from the ‘Secreted Signaling’ and ‘Cell-

Cell Contact’ categories. Pathway communication probabilities were min-max normalized 

within each CE to range from 0 to 1. 

2.9.3 CE-specific ligand-receptor pair analysis 

Using the down-sampled atlas, we performed differential expression analysis for each cell type 

across CEs. To evaluate communication pathways, we utilized the CellChat database of ligand-

receptor (L-R) pairs. A pathway was considered enriched in each CE if both the ligand and its 

corresponding receptor were significantly upregulated (LogFC > 0.1 and padj < 0.05) compared 

with the same cell type in other CEs. For example, if CE1 myeloid cells upregulated CD86 while 

CE1 lymphoid cells upregulated CTLA4 relative to their counterparts in other CEs, the CD86-

CTLA4 signalling pathway was considered specifically enriched in CE1. 

2.10 Bulk RNA-seq data analysis 

2.10.1 Curation of human bulk RNA-seq datasets 

The PDAC datasets collected include TCGA pancreatic adenocarcinoma113 (TCGAbiolinks114  R 

package, v2.26.0), Clinical Proteomic Tumour Analysis Consortium (CPTAC)115, 

(https://portal.gdc.cancer.gov/analysis_page?app=Projects), International Cancer Genome 

Consortium (ICGC) ( https://dcc.icgc.org/), and the Puleo et al.116 cohort 

(https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-6134). The Puleo et al. cohort 

was split into two separate cohorts based on their sequencing location (France (Puleo FRA) and 

Belgium (Puleo BEL)). Available clinical data were collected from the original publications and 

https://portal.gdc.cancer.gov/analysis_page?app=Projects
https://dcc.icgc.org/
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-6134
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harmonized (Appendix Table 12). Only patient samples with PDAC histology were included for 

downstream analyses. The liver-lung metastatic PDAC dataset was collected form Link et al117 

(GSE281129).  

The neo-CTx chemotherapy dataset was obtained from Zhou et al49.  The adjuvant CTx (adj-CTx) 

Oxford-Kidani microarray cohort was obtained in-house. Scoring of pre-processed IHC stained 

images from the in-house cohort are described in Diana et al.118. Combined classifications 

derived from the binary (low/high) scoring of a-SMA and CD68 were used for the analysis, 

generating four categories (a-SMAlowCD68low, a-SMAhighCD68low, a-SMAlowCD68high, and a-

SMAhighCD68high). 

Gene expression and clinical information from the immunotherapy cohorts were obtained from 

the Tumour Immunotherapy Gene Expression Resource ( http://tiger.canceromics.org/) 

database. Gene expression and clinical information from the PDAC immunotherapy cohort were 

obtained from Parikh et al.119 

To ensure consistency in our analyses, all datasets that were obtained as raw read counts were 

normalized using counts-per-million (cpm) with the addition of a pseudocount of 1. The neo-CTx 

(Zhou et al.), and in-house (Oxford-Kidani) cohorts were obtained in pre-normalized form. 

2.10.2 Development of CTcaller and CScaller deconvolution methods 

Differential expression analysis between cell types was performed in the down-sampled atlas 

and the top 100 genes (logFC > 0.5, padj < 0.05) were retained. For each cell type, the top n 

candidate genes whose expression positively correlated with its ground truth proportions 

(Spearman’s correlation > 0.3, p < 0.05) were selected. A range of n values were tested (8-50), 

and the value that maximized the median Spearman’s correlation across pooled cell types was 

http://tiger.canceromics.org/
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chosen as optimal. This analysis was rerun with the optimal n to generate refined signature gene 

sets. These gene signatures were subsequently applied to bulk data by calculating the average 

score for each cell type in each sample. The average scores were then transformed into 

probability distributions using the softmax function120, yielding normalized cell type abundances 

between 0 and 1 for each bulk sample. 

2.10.3 Benchmarking of cellular deconvolution methods 

The down-sampled atlas was used to construct a scRNA-seq reference matrix for 

deconvolution. The deconvolution tools used include CIBERSORTx121, InstaPrism122 (v0.1.6), 

MuSiC123 (v1.0.0), and BisqueRNA124 (reference-based method, v1.0.5) with their default 

parameters. The pseudo-bulk data (genes x sample matrix) was used as input to estimate cell 

type abundances across deconvolution methods. The estimated abundances were then 

compared to the ground-truth abundances. Pearson’s and Spearman’s correlation were 

computed using the cor() function from stats R package (v4.5.0) and the root mean squared error 

(RMSE) was calculated using the Metrics R package (v0.1.4). Benchmarking of deconvolution 

tools was repeated using a publicly available snRNA-seq dataset from Hwang et al.61, using their 

pre-annotated labels as input.  

2.10.4 Estimation of CE abundances in bulk data 

To minimize skewness in cell type abundances caused by dominant cell type in certain samples, 

CE estimations were performed in two steps. First, cell type abundances in each sample were 

estimated using the CTcaller. Second, for each cell type, cell state proportions were calculated 

using the CScaller and softmax normalized to sum to 1. These proportions were then multiplied 

by the corresponding cell type abundance, so that the combined frequencies of all cell states 

across all cell types summed to 1. This approach produced a normalized frequency matrix that 
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reduced skewing by dominant cell types while emphasizing within-cell-type heterogeneity. Next, 

CE abundance was measured by taking the average of cell state frequencies within each CE, 

and a softmax normalization was applied so that CE abundances ranged from 0 to 1 in each 

sample. Finally, each sample was assigned a CET label based on its most abundant CE, similar 

to the single-cell atlas (Methods 2.7). 

2.10.5 Survival analysis of cell state and CE abundances 

Multivariate Cox proportional hazards regression of the cell states and CE abundances was 

performed using the coxph function of the survival R package (v.3.8-3). Patient age, TNM stage, 

and gender were used as control variables. For TCGA, radiation therapy was also included as a 

control variable. Univariate Kaplan-Meier survival curves were plotted using the ggsurvplot 

function in the survminer R package (v0.4.9). Continuous variables, such as cell state and CE 

abundances were assigned to ‘low’ and ‘high’ groups based on the maximally selected rank 

statistics (maxstat) method calculated using the maxstat R package (v0.7-26).  

2.10.6 CE-based cytokine profiles 

The pre-normalized cytokine profiles of the five patient samples were obtained from the O’Neill 

group. The cytokine platform used was the Human Cytokine Array 6 from RayBio® 

(https://www.raybiotech.com/human-cytokine-array-g6-aah-cyt-g6). Cytokine protein symbols 

were converted to gene symbols. Next, differential expression analysis of the down-sampled 

single-cell atlas was performed using the Seurat FindAllMarkers function. Genes present in the 

cytokine profile array were used to filter the DEGs (logFC > 0.1 and padj < 0.05) across CEs.  

https://www.raybiotech.com/human-cytokine-array-g6-aah-cyt-g6
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2.11 Tumour cell analysis of the single-cell atlas 

2.11.1 Identification of tumour cells 

Among the epithelial cell clusters, malignant cells were distinguished from non-malignant 

epithelial cells by inferring CNAs for each cell using the copykat R package (v1.1.0) as 

described125. For each patient sample, chromosomal arms were defined as amplified or deleted 

if the scaled CNA score was above 0.1, and below -0.1, respectively. To account for tumour cells 

with low CNA burden, we calculated tumour and non-malignant epithelial gene signatures for 

each cell107 (Supplementary Table 12). Epithelial cells with a malignant score above 0.1 and a 

normal-epithelial score below 0.1 were defined as tumour cells (low CNA). 

2.11.2 Discovery of tumour cell states 

Cancer cell states of malignant cells were identified as described previously126. For each 

individual sample with more than 100 tumour cells, clusters were calculated using the Seurat R 

package at four resolutions (0.4, 0.6, 0.8, 1). For each cluster, the top 50 DEGs were identified 

and only clusters with more than 10 cells and more than 20 DEGs were retained. These DEGs 

were defined as individual gene signatures. Within each sample, pairwise comparison of gene 

signatures was performed to remove redundant gene signatures. For each pair with Jaccard 

similarity > 0.75, the gene signature with fewer genes was removed. Consensus clustering of the 

Jaccard similarity between gene signatures across all tumours was performed. The 

ConsensusClusterPlus R package was run from 2 to 15 k clusters at 1000 permutations with the 

PAM algorithm. The optimal number of k clusters was selected based on the ASW. Next, the top 

30 over-represented genes for each consensus cluster were obtained based on the logFC 

metric, and were considered as the cancer cell state gene signatures.  
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Each cell was assigned to a cell state with the highest normalized enrichment score if the 

second highest was no more than 95% of the highest score, otherwise the cell was considered 

‘unresolved’. DEGs were then computed between the annotated malignant cell states and 

underwent GSEA analysis using fgsea package for MsigDB Hallmark, and curated PDAC gene 

signatures. The logFC was used as ranking metric. 

2.12 Genomic alteration analysis 

Non-synonymous somatic mutation annotations (single nucleotide variants and small 

insertions and deletions) and discretized CNA (deep deletions, shallow loss, gains, and 

amplifications) values were obtained from both TCGA and CPTAC cohorts. Only the TCGA cohort 

included chromosomal arm discretized CNA values. Non-synonymous mutation differences 

between CETs were evaluated using the maftools R package (v2.22.20). Germline mutations, 

including BRCA1/2 mutations were not included in the analysis. Chromosomal arm and gene 

level CNA differences were compared between CETs using the Fisher’s exact test from the stats 

R package (v.4.5.0). P values were adjusted using the Benjamini-Hochberg correction. Curated 

oncogenes and TSGs were obtained from the OncoKB database127.  Distance-based 

phylogenetic analysis of the broad CNAs was performed using the ape R package (v5.8-1).  

2.13 Statistics and reproducibility 

Statistical analyses were performed in R (v.4.5.0). Comparisons of categorical groups were 

conducted using χ2 tests or Fisher’s exact test. Wilcoxon rank-sum tests were used for 

continuous variables and paired Wilcoxon signed-rank tests were used for paired comparisons. 

Log-rank tests were performed for survival analyses. Pearson and Spearman correlation 

coefficient was used when comparing two continuous variables. Receiver operating 
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characteristic (ROC) curves for prediction of immunotherapy response were run using the pROC 

R package (v1.19.0.1). P values were corrected for multiple-hypothesis testing using the 

Benjamini-Hochberg (BH) procedure. Statistical significance was assumed at P < 0.05. 

2.14 Code availability 

The code used to generate the thesis results is available from the author upon reasonable 

request. 
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Chapter 3 

Constructing the single cell atlas of PDAC 

3.1 Introduction and Aims 

Advancements in scRNA-seq technologies have allowed researchers to decode the 

heterogeneity of PDAC TME at a cellular level128. However, these studies are limited to small 

number of patient samples and their variable experimental protocols, sequencing technologies, 

and downstream analyses leading to study-specific biases and inconsistent cell type 

classifications.  

To address this, integrated single-cell atlases capture extensive diversity across studies and 

serve as universal references for multiple cancer types129 130. Although Chijimatsu and others 

have established a PDAC reference atlas, these efforts were based predominantly on resected 

primary tumours131. However, integration of recently published PDAC datasets that include 

metastatic or neoadjuvant-treated samples remain limited, leaving important clinical contexts 

under-represented132 133 107.  

Moreover, the choice of integration method is paramount for correctly removing technical 

effects whilst preserving biologically relevant information. Common tools like Harmony99 and 

Seurat’s RPCA98, have been shown to underperform in atlas-level datasets102 134, and have failed 

to distinguish rare cell types134. 

Therefore, in this chapter we aim to construct a single cell atlas of pancreatic cancer with newly 

published datasets that include NAT, PT, and MT samples as well as patients treated with neo-
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CTx. This atlas will cover extensive patient variability not captured in individual studies, and 

provide new insights into the PDAC TME. The specific aims of this chapter include: 

 Perform consistent preprocessing and quality control of individual datasets to ensure 

compatibility prior to integration. 

 Benchmark multiple integration methods using established metrics for bio-conservation 

and batch correction and use the top-performing method. 

 Identify and annotate major cell types following integration, and investigate their 

associations with clinical features. 

 Perform sub-clustering of major cell types to identify and characterise TME cell states 

 Investigate changes in abundance and communication networks across disease progression 

and treatment conditions. 

3.2 Quality control of scRNA-seq datasets 

First for each sample, genes expressed in minimum of three cells were filtered out as this filtering 

threshold is commonly used in the single-cell community135. Cell QC was then performed based 

on three variables: (a) the number of reads per cell (read depth), (b) the number of genes 

detected per cell, and (c) and the fraction of counts detected from mitochondrial genes135. Cells 

with low count depth and low number of genes were excluded as they represent dying cells, and 

cells whose membrane is damaged leading to cytoplasmic mRNA leakage135. Cells with high 

mitochondrial counts were also excluded, as this indicates cell membrane damage135.  

Moreover, cells with contaminating red bloods cells, with high proportion of transcript counts 

derived from haemoglobin-encoded genes were excluded. Lastly, cells with high counts and 

number of genes were also excluded as they represent potential cell doublets135.  The 
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distributions of read counts, number of genes, and mitochondrial gene fractions following QC 

were comparable across studies (Fig. 3.1a). Samples from the majority of studies were 

sequenced using the 10x genomics platform, whereas samples from Xue et al. and Moncada et 

al., were sequenced using BD Rhapsody and InDrop systems, respectively (Supplementary 

Table 1).  Summary statistics of these metrics, and the number of cells post QC for each study 

are shown in Fig. 3.1b.  

 

Figure 3.1 Quality control of PDAC scRNA-seq datasets. (a) Violin plots showing the distribution of read 

counts (top), number of genes (middle), and mitochondrial genes (%) (bottom) across studies. (b) Table 

displaying the summary statistics of read counts, gene counts, and mitochondrial gene fractions for each 

study. 



Chapter 3 – Results I 

36 
 

3.3 Benchmarking integration tool performance 

To optimally remove dataset-specific batch effects, we compared five integration methods using 

two metrics for both bio-conservation and batch correction: graph-based LISI which measures 

the label (cell type or batch) mixing in local neighbourhoods from integrated graph embeddings, 

and ARI which compares the overlap of Louvain-based clustering and labels (cell type or 

batch)102 (Methods 2.4, Fig. 3.2a). To account for memory, we down-sampled the dataset to 

around 90,000 cells (16% of entire dataset) for benchmarking of integration methods. Harmony 

excelled in batch correction ranking first for graph integration iLISI and cluster/study ARI but 

underperfomed in both bio-conservation metrics, consistent with previous reports136 (Fig. 3.2b). 

Moreover, scANVI was the top-performing tool for bio-conservation ranking first for graph cell-

type cLISI and cluster/cell-type ARI and moderately performing for batch correction.  

Next, an overall integration score was computed by taking a weighted average of batch 

correction and bio-conservation, with a 40/60 weighting, respectively102. scANVI ranked first, 

followed by scVI, in line with previous atlas-level studies129 136 (Fig. 3.2b). Therefore, scANVI was 

used to create an integrated embedding of 565,584 high-quality cells for all downstream 

analyses. 
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Figure 3.2 Comparison of integration tools in down-sampled dataset. (a) UMAP visualizations of PDAC 

scRNA-seq data following integration by different integration tools. Cells are coloured by cell type to show 

impact of integration on bio-conservation (top row), while cells are coloured by scRNA-seq study to show 

impact of integration on batch correction (bottom row). (b) Bar plots showing the performance metrics 

for batch correction (left) and bio-conservation (middle). Bars are coloured based on performance 

ranking. Overall score of the weighted average batch correction and bio-conservation scores (right). LISI: 

Local Inverse Sampson’s Index; ARI: Adjusted Rand Index. 

3.4 Broad cellular landscape of PDAC atlas 

Following quality control and integration, a high quality dataset was constructed consisting of a 

126 individuals from NAT, PT, MT samples, and samples treated with neo-CTx (n = 18) (Fig. 3.3a-

b). Additionally, these datasets included patients with a diversity in TNM stage, sex, histological 
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grade, and age, thus providing comprehensive patient variability. After cluster annotation, 15 

major cell types were identified based on canonical cell marker expression (Fig. 3.3c-d). Broad 

cell type composition and clinical characteristics of samples is shown in Fig. 3.3e.  

There were stark differences in cell type compositions across studies such as high T/NK 

abundance in Steele et al, Werba et al, and Zhou et al (Fig. 3.3e). Notably, Steele et al. showed 

the highest abundance of neutrophils. These study-specific differences underscore the 

importance of dataset integration to account for variations in sample preparation and 

processing. 
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Figure 3.3 Broad cellular landscape of PDAC atlas. (a) Summary statistics of nine PDAC datasets 

separated by tissue types and treatment conditions. Dot plot size represents the number of individuals 

and colour represents the number of total cells. (b) UMAP embeddings of PDAC atlas coloured by study 

(left), tissue origin (middle), and neo-CTx treatment (right). (c) UMAP embedding of PDAC atlas coloured 

by the 15 broad cell types. (d) Dot plots showing expression levels and frequencies of representative 

canonical genes. (e) Cell type composition across all samples with annotated clinical features.  
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Next, cell type abundance dynamics across tissue types and treatment conditions were 

investigated. Epithelial cluster 1 (Epithelial_c1) cells represented mainly malignant cells based 

on PDAC-specific markers (KRT19, MUC1, and TFF1) (Fig. 3.3d), and were significantly enriched 

in both PT and MT tissues compared to NAT tissue (Fig. 3.4a-b). Additionally, epithelial_c1 cells 

were significantly enriched in MT compared to PT tissues, possibly due to differences in tissue 

preparation as MT tissues were obtained using targeted biopsies enriched for malignant cells. In 

contrast, epithelial cluster 2 (Epithelial_c2) represented normal ductal/acinar cells and were 

significantly depleted in PT and MT tissues compared to NAT (Fig. 3.4a-b). 

PT tissues also displayed enrichment of fibroblasts, macrophages, dendritic cells and T/NK 

cells. Notably, T/NK cells were the most abundant immune population in both PT and MT tissues, 

aligning with previous reports137.  

Moreover, post neo-CTx samples showed a significant increase in T/NK and mast cells and a 

reduction of myeloid cells, including neutrophils, suggesting adaptive immune activation (Fig. 

3.4c-d).  Stromal cells were also significantly enriched, including fibroblasts and Schwann cells, 

highlighting stromal cell remodelling following neo-CTx (Fig. 3.4c-d).  
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Figure 3.4 Broad cell type composition analysis. (a) Cell type composition across NAT, PT, and MT 

tissue types. (b) Dot plots showing the changes of cell type abundance in PT and MT tissues compared 

to NAT and MT compared to PT. Outlined dots represent significant differences (P < 0.05). Statistical 

significance was calculated using a two-sided Wilcoxon rank-sum test. (c) Cell type composition across 

treatment-naïve and neo-CTx treated samples. 4.5 TME cell state characterization. (d) Dot plots showing 

the changes in cell type abundance in neo-CTx against treatment-naïve samples. Outlined dots represent 

significant differences (P < 0.05). Statistical significance was calculated using a two-sided Wilcoxon 

rank-sum test. 

3.5 Identification and characterization of TME cell states 

We further subclustered the immune and stromal cells revealing 53 cell states, which include, 7 

CD4+ T, 10 CD8+T and NK, 6 B and plasma, 16 myeloid, and 14 stromal cell states (Fig. 3.5a). 

Unsupervised hierarchical clustering was performed to inspect the transcriptional similarity of 
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these cell states grouping them into 8 major branches, consisting of proliferating lymphoid, 

T/NK, endothelial, stromal, B/plasma, mast, neutrophils, and myeloid cells (Fig. 3.5b).  

 

 

Figure 3.5 TME cell state landscape. (a) UMAP embeddings of CD4+ T, CD8+T/NK, B/plasma, myeloid, 

and stromal cell states. (b) Unsupervised hierarchical clustering of defined TME cell states coloured into 

8 major branches. 

These cell states displayed unique gene expression profiles which are described in the following 

subsections below. 
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3.5.1 Lymphoid cell state landscape 

The 7 CD4+ T cell states included: T helper 1 (Th1)-like (CD4T_c1_ANXA1), naïve 

(CD4T_c2_CCR7), follicular helper (Tfh) (CD4T_c3_CXCL13), Treg (CD4T_c4_FOXP3), activated 

(CD4T_c5_GZMK), interferon (IFN) response (CD4T_c6_ISG15), and cytotoxic (CD4T_c7_NKG7) 

(Fig. 3.6a and Supplementary Table 2).   

Moreover, 6 CD8+ T cell states included: naive (CD8T_c1_CCR7), dysfunctional 

(CD8T_c2_CTLA4), cytotoxic (CD8T_c3_GZMH) transitional effector (CD8T_c4_GZMK), resident 

memory (CD4T_c5_KLRC1), and proliferating (CD8T_c6_STMN1) states (Fig. 3.6b and 

Supplementary Table 3).  

Furthermore, the four NK cell states included: IFN response (NK_c1_ISG15), cytotoxic 

(NK_c2_PRF1), proliferating (NK_c3_STMN1), and chemokine-secreting (NK_c4_XCL1). (Fig. 

3.6b and Supplementary Table 4). The NK_c1_ISG15 subcluster displayed the highest 

expression of HAVCR2 (TIM-3), and TIGIT checkpoint receptors among NK cells, reflecting a 

dysfunctional phenotype similar to CD8T_c2_CTLA4. Both NK_c1_ISG15 and NK_c4_XCL1 

represented sub-clusters of the tissue-resident NK (trNK) population, which we previously 

characterized in PDAC138. 

Lastly, the six B and plasma cell states included: transitional activated (B_c1_TNF), activated 

(B_c3_NR4A3), naïve (B_c3_TCL1A), stressed plasma (Plasma_c1_HSP), mature plasma 

(Plasma_c2_TNFRSF17), and proliferating plasmablast (Fig. 3.6c and Supplementary Table 5). 
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Figure 3.6 Characterization of lymphoid lineage cell states. (a) Dot plot showing expression levels and 

frequencies of representative signature genes for CD4+ T cell states.  (b) Dot plot showing expression 

levels and frequencies of representative signature genes for CD8+ T and NK cell states.   (c) Dot plot 

showing expression levels and frequencies of representative signature genes for B and plasma cell 

states.     
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3.5.2 Myeloid cell state landscape 

The two monocyte subclusters included: classical (Mon_c1_CD14), and non-classical 

(Mon_c2_CD16), and 5 macrophage subclusters: inflammatory (Mφ_c1_IL1B), lipid-associated 

(Mφ_c2_CCL18), complement-enriched (Mφ_c3_SLC40A1), hypoxic (Mφ_c4_VEGFA), and 

proliferating (Mφ_c5_STMN1) (Fig. 3.7a and Supplementary Table 6). The Mφ_c1_IL1B displayed 

the highest ‘M1’ macrophage signature score while the lipid-associated Mφ_c2_CCL18 

exhibited the highest ‘M2’ signature and ‘Checkpoint ligands’ scores (Fig. 3.7b). Specifically, the 

Mφ_c2_CCL18 exhibited the highest expression and frequency of LGALS9 (Galectin-9), SIRPA, 

and LAIR1 checkpoint molecules, highlighting its immunosuppressive phenotype (Fig. 3.7c). PD-

L1 (encoded by CD274) expression was low compared to other checkpoint ligands in all 

macrophage populations, and could explain the poor clinical responses to anti-PD-L1 ICB in 

PDAC139. 

Moreover, we identified three dendritic cell states: conventional DC 1-like (cDC1) 

(DC_c1_CLEC9A), cDC2-like (DC_c2_CLEC10A), and plasmacytoid (pDC) (DC_c3_LILRA4) 

(Supplementary Table 7). Furthermore, we identified two mast cell populations, Mast_c1_CD52 

expressing high CD52, and Mast_c2_LMNA expressing high LMNA, and RHEX. Notably, mast 

cells specifically expressed CSF1 which binds to its cognate receptor CSF1R, involved with TAM 

infiltration and immunosuppression140 (Supplementary Table 8). Lastly, we identified four 

neutrophil subclusters: hypoxic (Neut_c1_CCL3), IFN response (Neut_c2_ISG15), 

mitochondrial-gene enriched (Neut_c3_MYO1F), and neutrophil-extracellular trap (NET)-

associated (Neut_c4_S100A9) phenotypes (Fig.3.7a, d and Supplementary Table 8). The 

Neut_c2_ISG15 displayed the highest enrichment of the tumour-associated neutrophil (TAN) 

gene signature. 
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Figure 3.7 Characterization of myeloid cell states. (a) Dot plot showing expression levels and 

frequencies of representative signature genes for myeloid cell states.  (b) Heatmap showing the scaled 
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enrichment scores of macrophage-specific gene signatures. (c) Dot plot showing the expression levels 

and frequencies of selected checkpoint ligands across monocyte and macrophage subclusters. (d) 

Violin plots showing the enrichment scores of selected gene signatures across neutrophil subclusters.   

Statistical significance was determined using the non-parametric Kruskal Wallis test. OXPHOS: Oxidated 

Phosphorylation; TAN: Tumour-Associated Neutrophils; NET: Neutrophil Extracellular Traps. 

 

3.5.3 Stromal cell state landscape 

The 8 stromal cell subclusters included: smooth muscle cells (SMCs), pericytes, ECM-related 

(Fib_c1_MMP1), hypoxic (Fib_c2_CXCL8), complement-enriched (Fib_c3_C7), nerve-like 

(Fib_c4_CDH19), antigen-presenting (Fib_c5_HLA), and a second complement-enriched 

fibroblast subcluster (Fib_c6_IGF1) also expressing high IGF1, PDGFRA, and TNXB (Fig. 3.8a and 

Supplementary Table 9).  

Notably, certain fibroblast cell states strongly overlapped with previous CAF classifications (Fig. 

3.8b). For instance, the Fib_c1_MMP11 overlapped strongly with the ‘myCAF’ and 

‘myofibroblastic’ signatures, and was significantly enriched with the ‘Collagen-fibril 

organization’ signature (Fig. 3.8c). The Fib_c2_CXCL8 displayed poor overlap with the three 

‘myCAF’, ‘iCAF’, and ‘apCAF’ signatures, however it was enriched with the ‘Immunomodulatory’ 

signature. Additionally, this subcluster displayed elevated levels of SERPINE1 (encoding PAI-1) 

which is an inhibitor of fibrinolysis, and displayed enrichment of the ‘Negative regulation of 

fibrinolysis’ signature (Fig. 3.8a-c). Fib_c3_C7, Fib_c4_CDH19, and Fib_c5_IGF1 overlapped 

with the ‘Neurotropic’ gene signature, and shared enriched pathways, including ‘Synaptic 

transmission’, and ‘Complement activation’ (Fig. 3.8c). Moreover, the Fib_c5_IGF1 displayed the 

strongest enrichment of the ‘iCAF’ phenotype. The Fib_c5_HLA strongly overlapped with the 
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‘apCAF’ gene signature, and was enriched for ‘Antigen processing and presentation of peptide 

antigen’ and ‘Natural killer cell chemotaxis’ gene signatures, reflecting immunomodulatory 

properties (Fig. 3.8c). 

Lastly, the four endothelial cell subpopulations included: venular (EC_c1_ACKR1), lymphatic 

(EC_c2_CCL21), capillary (EC_c3_RGCC), arterial (EC_c4_SEMA3G), and an RGS5+ stress 

response population (EC_c5_STEAP4) (Fig. 3.8a and Supplementary Table 10). 

 

Figure 3.8 Characterization of stromal cell states. (a) Dot plot showing expression levels and 

frequencies of representative signature genes for stromal cell states.  (b) Heatmap showing the scaled 

enrichment scores of fibroblast-specific gene signatures. (c) Dot plot showing selected gene sets 

enriched in the fibroblast cell states following gene set enrichment analysis. Colour of dots represent the 
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normalized enrichment score (NES) and the size represents the -log10 (p-value). Outlined dots represent 

significant differences (P < 0.05). 

3.6 Association of TME cell states with clinical features 

3.6.1 Association with disease progression 

Cell state abundance dynamics across NAT, PT, and MT tissue were investigated. Cell states of 

major cell types displayed diverse tissue preferences. For CD4+ T cells, both CD4T_c4_FOXP3 

and CD4T_c6_ISG15 were significantly enriched in PT and MT tissues while naïve 

CD4T_c2_CCR7 cells were mainly depleted, though not significant (Fig. 3.9a). Notably, both 

helper CD4T_c1_ANXA1 and CD4T_c5_GZMK were significantly enriched in MT vs PT tissues. The 

majority of CD8+ T and NK cells were significantly enriched in PT and MT tissues compared to 

NAT. In contrast, the resident memory population (CD8T_c5_KLRC1) was enriched in NAT and 

depleted in both PT and MT tissue, consistent with previous reports of high CD8+ T resident 

memory (Trm) cell abundance in non-malignant tissues141 142.  

Moreover, myeloid cells displayed variable compositions in tissue types. The Mφ_c2_CCL18 

population was significantly enriched in PT and MT against NAT as well as MT against PT, 

consistent with previous findings143 (Fig. 3.9a). In contrast, both DC_c1_CLEC9A and 

DC_c2_CLEC10A populations were depleted in both PT and MT tissues, reflecting loss of 

effective antigen presentation during disease progression, in line with previous mouse model 

studies144. 

Furthermore, both SMCs and Fib_c6_IGF1 were depleted in PT and MT tissues, while pericytes 

and myCAF (Fib_c1_MMP11) were enriched in both PT and MT tissues. Most endothelial cells 
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were enriched in MT compared to PT tissues, highlighting the sparse vasculature of PDAC 

primary tumours compared to metastatic sites145. 

We next utilised MultiNicheNet111, a novel cell-cell communication framework for comparing L-

R activities across conditions. Using this tool, the top 50 L-R activities between PT and MT 

tissues were investigated. Results show that fibroblasts were the main senders in PT tissues, 

while macrophages and NK cells were the main senders in MT tissues (Fig. 3.9a-b). For instance, 

complement C3-C3AR1 from fibroblasts to macrophages was elevated in PT tissues, and this 

signalling has recently been shown to drive tumour progression and ICB response in gastric 

cancer146. Interestingly, PT tumours were enriched with CSF1-CSF1R originating from Mast and 

NK cells towards DCs but not macrophages (Fig. 3.9b). 

In MT tissues, there were enriched chemokines CCL3/4/8 originating from macrophages, NK 

cells, and DCs mainly towards macrophages (Fig. 3.9c). Notably, the AREG-MMP9 signalling was 

upregulated in MT tissue, originating from both NK and DCs towards macrophages, and MMP9 

activation has been shown to downregulate phagocytosis-induced cell death (PICD)147. 

Additionally, elevated CXCL12-CXCR4 originating fibroblasts towards neutrophils was 

identified, suggesting a role in neutrophil recruitment and immunosuppression at metastatic 

sites148. Taken together, these findings highlight extensive remodelling of TME cell states and 

intercellular communication networks throughout PDAC disease progression. 
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Figure 3.9 Association of TME cell landscape and disease progression. (a) Dot plot showing the 

changes of cell state abundance in PT and MT tissues compared to NAT and MT compared to PT. Outlined 

dots represent significant differences (P < 0.05). Statistical significance was calculated using a two-sided 

Wilcoxon rank-sum test. Bar plots above show the tissue origin composition for each cell state (b) Cell-

cell interaction plot showing ligand-receptor pairs enriched in PT tissue. (c) Cell-cell interaction plot 

showing ligand-receptor pairs enriched in MT tissue. 

3.6.2 Association with neo-CTx 

Chemotherapy has been shown to shape the tumour microenvironment of pancreatic cancer 

altering communication networks and influencing prognosis149. In our analysis, we compared 

the abundance and intercellular communication of cell types between patient samples that 
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received either neo-adjuvant FOLFIRINOX (n = 12), Gemcitabine/nab-paclitaxel (n = 4), or 

chemoradiation (n = 2) and those that were treatment-naïve (n = 108). neo-CTx significantly 

increased the abundance of activated CD4+ T cells (CD4T_c1_ANXA1, CD4T_c3_CXCL13, 

CD4T_c5_GZMK), and CD8+ T cells (CD8T_c4_GZMK, CD8T_c5_KLRC1), along with chemokine 

secreting NK_c4_XCL1 (Fig. 3.10a). In contrast, there was a reduction in the immunosuppressive 

Mφ_c2_CCL18 population. This is consistent with the reduction of checkpoint L-R interactions 

towards CD8+ T cells following chemotherapy, that may promote resistance to 

immunotherapy133. 

Moreover, there was a significant increase in complement-secreting (Fib_c3_C7, Fib_c6_IGF1) 

and neurotropic (Fib_c4_CDH19) fibroblasts, Schwann cells, and mast cells. Elevated TME 

complement following neo-CTx has recently been reported in PDAC and associated with 

improved overall survival150.  

Communication analysis shows enriched SERPINE1-PLAUR and PLAU-PLAUR signalling from 

fibroblasts towards neutrophils in the treatment-naïve group, pathways previously shown to 

promote neutrophil infiltration151 (Fig. 3.10b). Moreover, Oncostatin M signalling (OSM-OSMR) 

originating from neutrophils towards Schwann cells was also elevated in the naïve group. This 

myeloid-derived signal has been reported to reprogramme stromal cells toward a tumorigenic 

phenotype promoting cancer progression152. Collectively, these findings suggest that multiple 

immunosuppressive and tumour-promoting interactions within the TME are downregulated 

following neo-CTx. 

In contrast, the neo-CTx group displayed enriched growth factors from Schwann cells towards 

fibroblasts and SMCs, including PDGFB-PDGFRA, HBEGF-EGFR, and FGF2-FGR1 (Fig 3.10c). 

Notably, an increase in IFNG-IFNGR1 signalling from NK, CD4+, and CD8+ T cells towards 
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neutrophils was identified. Interferon gamma has been shown to increase NET formation leading 

to tumour-killing activity in colorectal cancer153. 

 

Figure 3.10 Association of TME cell landscape and neo-adjuvant therapy. (a) Dot plot showing the 

changes of cell state abundance in neo-CTx treated samples compared treatment-naive. Outlined dots 

represent significant differences (P < 0.05). Statistical significance was calculated using a two-sided 

Wilcoxon rank-sum test. Bar plots above show the treatment composition for each cell state (b) Cell-cell 

interaction plot showing ligand-receptor pairs enriched in treatment-naive samples. (c) Cell-cell 

interaction plot showing ligand-receptor pairs enriched in neo-CTx treated samples. 
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3.6.3 Association with clinical features 

Given the scale of the single-cell atlas and available clinical information, we investigated the 

association of TME cell states with additional clinical features, including age (n = 52, >64 age = 

27, <64 age = 25), gender (n = 52, female = 26, male = 26), and histological grade (n = 18, grade 3 

= 8, grades 1+2 = 10). When comparing with age, patients above the median age (64 years old) 

displayed a reduction of resident memory and proliferating CD8+ T cells (CD8T_c5_KLRC1, 

CD8T_c6_STMN1) as well as reduced cDC1 (DC_c1_CLEC9A) validating the reduced antitumor 

immunity previously reported with aging154 (Fig. 3.11a). Notably, we observed a significant 

reduction of apCAFs (Fib_c5_HLA), a finding not previously reported in PDAC that warrants 

further investigation.  

Moreover, comparison of cell state abundance by gender revealed higher levels of Tfh 

(CD4T_c3_CXCL13) cells in females (Fig. 3.11b). Interestingly, elevated serum estradiol (E2) 

levels have recently been associated with increased Tfh frequencies155, suggesting a potential 

role of oestrogen signalling in modulating T cell function. There was a slight enrichment of naïve 

B cells and plasmablasts in females, though not significant. Additionally, results show increase 

in Fib_c6_IGF1 and SMC populations in females compared to males (Fig. 3.11b). This is 

consistent with the recent association of oestrogen signalling and stromal cell abundance, 

where β-oestradiol resulted in a shift towards the iCAF phenotype156.   

Lastly, comparison of cell state abundance with histological tumour grade did not reveal any 

significant correlations as number of grade groups were limited (G3:8 and G1+G2:10). However, 

grade 3 tumours showed reduced M1-like macrophage (Mφ_c1_IL1B, p = 0.07), and monocyte 

(Mon_c1_CD14, p = 0.05) abundance, which could indicate phenotype-dependent cancer cell 

remodelling of immune cells. 
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Figure 3.11 Association of TME cell state abundance and clinical features. (a) Dot plot showing the 

changes of cell state abundance between >64-year-old and <64-year-old patients. (b) Dot plot showing 

the changes of cell state abundance between females and males. (c) Dot plot showing the changes of 

cell state abundance between higher grade (G3) and lower histological (G1+2) tumour grades. Outlined 

dots represent significant differences (P < 0.05). Statistical significance was calculated using a two-sided 

Wilcoxon rank-sum test. 

3.7 Conclusions and Discussion 

In this chapter we constructed an integrated reference atlas of PDAC encompassing a variety of 

disease states, and treatment conditions.  Importantly, we utilized the integration tool scANVI, 
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which was the top-performer when compared with other tools for its accuracy in bio-

conservation and batch correction.  

Given the scale of PDAC single-cell atlas, we identified and characterized a diverse range of cell 

states across major cell types, each defined by distinct gene expression profiles. While Elyada 

et al. previously described three CAF populations (myCAF, iCAF, and apCAF)56, we identified 

further sub-clusters. Notably, the Fib_c3_C7 and Fib_c6_IGF1 were enriched for the iCAF 

signature, with the latter predominantly present in normal/adjacent pancreatic tissue (NAT). 

Moreover, the hypoxic Fib_c2_CXCL8 population, enriched in neutrophil-recruiting chemokines, 

strongly aligned with the “immunomodulatory” program61, alongside the two iCAF-like clusters 

(Fib_c3_C7 and Fib_c6_IGF1). Interestingly, we revealed a previously uncharacterized CDH19+ 

fibroblast population (Fib_c4_CDH19), that represented a subset of both the iCAF and 

neurotropic cell states. CDH19 is a known marker for Schwann cells157, however this population 

formed a separate cluster from Schwann cells. However, they may represent Schwann cell 

precursors (SCPs) originating from fibroblast populations158, given that they are located between 

both cell populations in the integrated UMAP embeddings (Fig. 3.5a).  

Immunosuppression is a hallmark of PDAC, and elucidating the intercellular communications 

might help overcome resistance to immunotherapy159. Results show that the metabolically-

active Mφ_c2_CCL18 population, characterized by the highest expression of checkpoint 

ligands, was enriched in metastatic tissue, indicating elevated immune suppression in PDAC 

liver metastases. This aligns with the enrichment of MRC1+ CCL18+ macrophages in colorectal 

cancer liver metastases160. Macrophage-specific targeting with an anti-CSF-1R antibody in 

combination with immune checkpoint blockade has shown limited efficacy in advanced CRC 

and PDAC161. Our analysis identified elevated CSF1-CSF1R signalling directed towards DCs in 
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PT tissues, which may explain why the CSF-1R inhibitor pexidartinib, led to DC depletion and 

poor antitumour clinical activity in advanced CRC and PDAC patients161. In contrast, 

macrophage-targeted CSF1-CSF1R signalling was not detected in MT tissues, suggesting 

alternate targets may be more effective in metastatic PDAC. Notably, chemokines CCL3, CCL4, 

and CCL8 were enriched in MT tissues. Thus, targeting their shared receptor CCR5 with the 

inhibitor maraviroc may enhance therapeutic outcomes by reducing TAMs, MDSC, and Treg 

abundance162 163. Taken together, these findings highlight substantial TME remodelling and 

communications between PT and MT tissues with clinical and therapeutic significance. 

Neo-adjuvant CTx has been shown to modulate the TME, thus affecting immunotherapeutic 

responses164. For instance, Werba et al shown a higher TIGIT expression in CD8+ T cells in 

treatment-naïve samples, thus proposing that TIGIT blockade may be more effective as first-line 

treatment or in combination with chemotherapy133. Our findings show a reduction of the 

immunosuppressive Mφ_c2_CCL18 population in neo-CTx treated samples with an increase in 

anti-tumour phenotypes such as GZMK+ CD8+ T and CD4+ T cells and XCL1+ NK cells. This is 

line with Neo-CTx responsive tumours in colorectal cancer160. However, in tumours non-

responsive to Neo-CTx, there was enrichment of SPP1+ macrophages and MRC1+ CCL18+ 

macrophages and downregulation of cytotoxic immune cells160. This opposite effect of immune 

reprogramming may be driven by the chemotherapeutic remodelling of cancer cells and this 

chemo-modulation effect has also been reported in an ex vivo culture platform165. Specifically, 

in CRC samples non-responsive to neo-CTx, there was a reported increase in fatty acid (FA) 

metabolism in cancer cells160. Thus, a possible mechanism is that increase in CTx-resistant 

cancer cells could metabolically reprogram macrophages to an M2 CCL18+ phenotype thus 

driving immunosuppression and cancer cell progression166. Sohal and others have reported 

differential immune modulation between neoadjuvant FOLFIRINOX or GemCap 
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chemotherapy164, including a more pronounced reduction of proliferating cells following 

FOLFIRINOX treatment. However, our analysis compared all neo-CTx regimens collectively 

against treatment-naïve samples. Future work dissecting regimen-specific effects on TME cell 

state modulation in PDAC is therefore warranted. 

In summary, our findings highlight pronounced immunosuppressive mechanisms enriched in 

PDAC metastases, as well as restoration of anti-tumour immune activity following neo-CTx in 

treatment-responsive patients. Together, these observations support the rationale for 

combination therapies, including metabolic interventions, such as PIKfyve-mediated disruption 

of lipid metabolism167,   or immune checkpoint blockade in treatment-naive patients exhibiting 

elevated M2 CCL18+ macrophage levels. 

However, our analysis did have some limitations. For instance, only the top 50 ranked L-R 

interactions were evaluated for both tissue type and neo-CTx analyses, potentially overlooking 

other relevant interactions. Additionally, due to the limited number of neo-CTx samples, we were 

unable to stratify patients based on chemotherapy response. Future integration of additional 

neo-CTx treated samples with follow-up data into the reference atlas, using approaches such as 

the scArches method168, could enable rapid and comprehensive annotation of new datasets, 

and facilitate more efficient downstream analyses. 
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Chapter 4  

Discovery of PDAC multi-cellular ecosystems 

4.1 Introduction and Aims 

The cancer TME consists of multi-cellular ecosystems with intricate signalling networks that 

drive tumour progression, metastasis, and treatment responses169 126. Previous studies have 

revealed broad TME classifications, including T cell inflamed (“hot”) and immune 

excluded/fibrotic (“cold”) tumours169. While these classifications can inform clinical outcomes, 

such as responses to ICB, they oversimplify the diversity of cellular states within the TME. In 

recent years, single-cell and spatial transcriptomics have emerged as powerful approaches for 

mapping high-resolution cellular communities126, however, most studies are limited by small 

cohort sizes preventing robust analyses. An alternative strategy is estimating cell type or cell 

state abundances by deconvoluting bulk RNA-seq datasets. For example, the recent EcoTyper 

machine learning framework has been applied across cancer types to identify multicellular 

communities strongly associated with overall survival and responses to ICB170. However, the 

accuracy of cellular deconvolution in bulk specimens is largely influenced by the choice of 

deconvolution method and cell type definitions171. 

Given the large sample size in our PDAC single cell atlas and the diverse immune and stromal 

cell states, we aim to identify and characterize robust CEs consisting of co-occurring cell states 

based on absolute frequencies. The specific aims of this chapter include: 

 Identify robust PDAC CEs using our bimodal analysis approach (Methods 2.6). 
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 Characterize CEs based on clinical features and gene signature profiles. 

 Investigate the spatial characteristics of CEs.  

 Investigate the multicellular communication of CEs. 

4.2 Identification of five robust CEs 

To identify multi-cellular ecosystems, we investigated covariance in cell state frequencies 

across samples using two parallel modules (Fig. 2.2 and Methods 2.6). For the first module, we 

applied consensus clustering to the normalized cell state frequency matrix using the PAM 

algorithm. Based on the highest ASW, five consensus clusters were identified as optimal with 

compact Jaccard similarity index (Fig. 4.1a-b). Principal component analysis (PCA) suggested 

clear separation among the five clusters in two-dimensional spatial coordinates with minimal 

overlap (Fig. 4.1c). Next, cell states enriched in each consensus cluster were prioritized based 

on a statistical ranking metric (logFC x -log10(p-value)) derived from a two-sided Wilcoxon test 

(Fig. 4.1.d). 

For the second module, we computed pairwise correlations between all cell state pairs, 

retaining only positive correlations (R > 0.1), which yielded 429 pairs. We then applied the 

Louvain community detection algorithm106, which has demonstrated robust and efficient 

performance in comparative studies172, to identify clusters of highly correlated cell states 

(Supplementary Fig 1a). This analysis produced five Louvain clusters (resolution = 1). The 

consensus and Louvain clusters showed strong overlap, and their shared cell states were 

defined as the core CEs (Fig. 4.1e and Supplementary Fig 1b-d). Remaining cell states that 

uniquely correlated with the core CE frequencies were incorporated to generate the extended 

CEs, encompassing most TME cell states (88.68%, 47 out of 53) (Fig. 4.1f and Supplementary 

Fig 1e).  
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Figure 4.1 Cell state ranking and CE identification. (a) Optimal consensus cluster selection based on 

the ASW, with K = 5 identified as the optimal clustering number. (b) Heatmap of the consensus matrix, 

showing the five distinct consensus clusters. (c) PCA demonstrating distinct separation of consensus 

clusters in two-dimensional space. (d) Bar plots showing the top cell states ranking based on logFC x -
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log10(p-value) for each consensus cluster. Statistical significance was calculated using a two-sided 

Wilcoxon rank-sum test. (e) Comparison of consensus clusters with Louvain clusters to identify 

overlapping cell states. (f) Network plots of the 5 CEs, with nodes representing cell states labelled with 

short names and coloured by major cell type. Edge colour indicates the Pearson correlation coefficient. 

PC: Principal component 

4.3 Characterization of the identified CEs 

Given that each patient sample exhibited a dominant CE, we assigned all samples into CETs 

based on their most abundant CE (Fig. 4.2a). Importantly, all CETs composed of multiple studies 

(> 3 studies), validating the robustness of the identified CEs (Fig. 4.2a-b).  

CET frequencies significantly associated with tissue types (χ2 test P =   9.5 x 10-6) and neo-CTx (χ2 

test P =   6.5 x 10-5) (Fig. 4.2a).  Specifically, CE1, CE3, and CE4 abundance were significantly 

enriched in both PTs and MTs compared to NAT, while CE2 exhibited a moderate increase, 

though not reaching significance (Fig. 4.2c). Notably, CE3 was significantly enriched in MT 

compared to PT tissues (P = 0.013) (Fig. 4.2c). In contrast, CE5 was significantly enriched in NAT 

compared to PT and MT, while PTs also showed significant higher abundance compared to MTs 

(Fig. 4.2c).  

We next compared CE frequencies between naïve and neo-CTx samples in primary tumour 

tissues. CE1, which composed of the immunosuppressive Mφ_c2_CCL18 and dysfunctional 

CD8+ T (CD8T_c2_CTLA4) and NK cells (NK_c1_ISG15), was significantly depleted in neo-CTx 

samples (P = 0.007), followed by CE3 which almost reached significance (P = 0.054) (Fig. 4.2d). 

In contrast, CE4 which composed of activated lymphoid cells (CD8T_c4_GZMK, 

CD4T_c5_GZMK, NK_c4_XCL1) and neurotropic stromal cells (Fib_c4_CDH19 and Schwann 

cells) was significantly elevated in neo-CTx samples (P = 2.0 x 10-5) (Fig. 4.2d). It is noteworthy 
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that the CET4 group was also enriched with CE5 cell states, including complement fibroblasts 

(Fib_c3_C7), and antigen-presenting DCs (DC_c1_CLEC9A), suggesting the co-existence of 

these CEs (Supplementary Fig. 2a-b). 

 

Figure 4.2 CE characteristics. (a) Heatmap showing the CE abundance across patient samples. Each 

sample is assigned a CET based on its dominant CE. (b) Study frequency in each CET. Number of studies 

is displayed in the dots. (c) Comparison of CE frequency across tissue types. Statistical significance was 

calculated using a two-sided Wilcoxon rank-sum test. *P<0.05, **P<0.01, ***P<0.001. (d) Comparison 

of CE frequency between naïve and Neo-CTx samples. Statistical significance was calculated using a 

two-sided Wilcoxon rank-sum test. *P<0.05, **P<0.01, ***P<0.001.  

We then investigated the phenotypic profiles of CEs by performing gene signature analysis using 

curated and Hallmark gene signatures (Fig. 4.3a). CE1 was enriched with immunosuppressive 

(‘Exhausted CD8+ T’ and ‘Checkpoint molecules’) and proliferating gene sets (‘E2F Targets’, 

‘MYC Targets’, and ‘PI3K/mTOR Signalling’). Notably, CE1 was the most metabolically active with 
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enriched ‘Oxphos’, ‘Lipid metabolism’, and ‘Glycolysis’ (Fig. 4.2e). CE2 exhibited various anti-

tumour immune gene sets, including ‘TLS’, ‘NK cells’, and ‘M1 signature’. Additionally, this CE 

was enriched with ‘naïve T’, as it consisted of naïve lymphocytes (CD8T_c1_CCR7, 

CD4T_c2_CCR7, and B_c3_TCL1A). CE3 which composed of fibroblasts (Fib_c1_MMP11 and 

Fib_c2_CXCL8) and hypoxic myeloid cells (Mφ_c5_VEGFA and Neut_c1_CCL3), was enriched for 

‘Hypoxia’, ‘Myofibroblastic’, and ‘Matrix remodelling’ gene sets, thus resembling a 

fibrotic/hypoxic associated phenotype. Furthermore, the neo-CTx enriched CE4, displayed 

elevated ‘Activated T’, ‘B cells’, and ‘Neutrophil signature’. Lastly, CE5 which composed of 

complement fibroblasts (Fib_c3_C7 and Fib_c6_IGF1) and endothelial cells (EC_c3_RGCC) was 

enriched for ‘Endothelium’, and ‘Neurotropic’ gene sets. Notably, both CE4 and CE5 were 

enriched for the ‘Moffitt Normal Stroma’, aligning with the enrichment of complement 

fibroblasts in both CEs (Supplementary Fig. 2a-b). 

Next, we further validated the pathway activities of CEs and their components using 

PROGENy173, which utilizes a large compendium of perturbation experiments to accurately infer 

pathway activities. Results show that most PROGENy pathways (64.3%, 9 out of 14) were shared 

in at least 3 CEs (Fig. 4.3c). However, certain pathways were unique to individual CEs, including 

JAK-STAT in CE1, Trail in CE2, and Hypoxia in CE3 (Fig. 4.3c). Specifically, both CE3 myeloid and 

stromal cells exhibited enriched Hypoxia activity while all CE1 components displayed enriched 

JAK-STAT activity. In CE2, both stromal and CD8+ T/NK cells showed enriched Trail activity. Taken 

together, these findings show diverse CEs with distinct tissue and treatment preferences, as well 

as phenotypic profiles (Fig. 4.3a and Fig. 4.3e). 
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Figure 4.3 CE pathway activities and annotations. (a) Heatmap showing cell type abundances in each 

CE. (b) Gene set enrichment analysis between CEs. Colour of dots represent the normalized enrichment 

score (NES) and the size represents the -log10 (p-value). Outlined dots represent significant differences 

(padj < 0.25). (c) Heatmap showing the enriched (padj < 0.05) PROGENy pathways in each CE. (d) 

Heatmap showing the enriched (padj < 0.05) PROGENy pathways across CE components grouped by 

major cell types. Bar plots on top and left represent the sum of columns and rows, respectively. (e) 

Description of each CE based on results from Fig. 4.2 and 4.3. 
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4.4 Spatial characterization of CEs 

We then characterized CEs in spatial context, by mapping them onto spatial transcriptomics 

data (Visium) using CARD108, as this deconvolution method is considered one of the top 

performers in a recent benchmarking study174. Our analysis showed clear coexistence of CEs in 

individual tumours with varying abundances. For instance, CE5 was the most abundant while 

the lymphocyte-enriched CE2 showed limited abundance (Fig. 4.4a). Results show significant 

spatial colocalization of cell states within CEs compared to cell states not belonging to the same 

CE (Fig. 4.4b-c). However, CE5 did not reach significance, possibly due to its high stromal 

coverage (Fig. 4.4c). A global colocalization score was then calculated for each CE across spatial 

sections (Methods 2.8.3). CE1 to CE3 displayed comparable colocalization levels, while CE4 

and CE5 showed lower colocalization (Fig. 4.4d).  
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Figure 4.4 Spatial colocalization of CEs. (a) H&E staining, and spatial distribution of CE frequencies in 

a Visium PDAC section. (b) Spatial distribution of CE cell state frequencies in the Visium section shown 

in a. (c) Paired boxplots comparing the sample-based median Pearson correlation of cell states of 

different CEs and within the same CE. Statistical significance was calculated using a two-tailed paired 

Wilcoxon test. (d) Colocalization score of CEs. Statistical significance was calculated using Kruskal-

Wallis test. 

We then calculated the local Moran’s I109 as a measure of spatial autocorrelation, which 

quantifies the degree in which cell states within CEs aggregate in relation to their immediate 
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neighbouring spots. Results show a prominent local aggregation of cell states within CEs 

compared to cell states of different CEs (Fig. 4.5a). Similar to the colocalization score, a global 

aggregation score was calculated for each CE (Methods 2.8.4). CE2, which resembles a 

compact TLS formation, displayed the highest aggregation score, while CE5 exhibited the lowest 

score as this CE was more spatially dispersed (Fig. 4.5b-d). 

 

Figure 4.5 Spatial aggregation of CEs. (a) Paired boxplots comparing the sample-based median Pearson 

correlation of cell state aggregation of different CEs and within the same CE. Statistical significance was 

calculated using a two-tailed paired Wilcoxon test. (b) Aggregation scores of CEs. Statistical significance 

was calculated using Kruskal-Wallis test. (c) H&E staining, and spatial distribution of CE aggregations 

(local Moran’s I) in a Visium PDAC section. (d) Spatial distribution of CE cell state aggregations (local 

Moran’s I) in the Visium section shown in c. 

Next, we sought to determine whether the CEs exhibited distinct morphological phenotypes. To 

do so, we validated CE organization by performing spatial clustering using stLearn110, which 

integrates gene expression, tissue morphology, and physical distance for more accurate cellular 

categorization (Fig. 4.6a). In a representative spatial section, most CEs showed strong alignment 
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with independent morphological (Morph) clusters (Fig. 4.6b). Notably, both CE1 and CE3 aligned 

with Morph C2, which was enriched for both pathways belonging to CE1 (‘M2 signature’ and ‘E2F 

Targets’) as well as CE5 (‘Myofibroblastic’ and ‘myCAF’) (Fig. 4.6b-c). This highlights the 

interconnection of CE1 and CE3 in the TME, which is supported by their co-occurrence in the 

scRNA-seq atlas (Supplementary Fig 1e). CE2 distinctly aligned with Morph C7, which displayed 

elevated CE2-specific gene signatures (‘B cells’, ‘TLS’, and ‘Effector cells’). Moreover, CE4 

strongly aligned with Morph C1 which was enriched with CE5 gene signatures (‘Moffitt Normal 

Stroma’, ‘Endothelium’, and ‘Neurotropic’), consistent with the scRNA-seq results (Fig. 4.3b).  

 

 

Figure 4.6 Comparison of CEs with Morph clusters. (a) H&E staining, and spot categorization based on 

Morph clustering (stLearn), and CE clustering. (b) Morph cluster composition in CE annotated spots. (c)  

Gene set enrichment analysis of curated and Hallmark gene signatures for Morph C1, C2, and C7. Gene 

sets displayed were filtered based on adjusted NES > 0 and p < 0.05. NES: Normalized Enrichment Score. 
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4.5 Cell-cell communications within CEs 

CEs exhibit distinct communication networks essential for their formation and maintenance. To 

characterize these interactions, we analysed ligand-receptor-mediated cell-cell 

communications using CellChat112. Our results revealed that CE5 and CE3 produced the highest 

number of ligands across multiple categories (Fig. 4.7a-b). Endothelial cells and stromal cells 

were the predominant senders and receivers of communication signals, which are key 

components in CE5 and CE3 (Fig. 4.7c and Fig. 4.3a). In contrast, lymphocytes (T and B cells) 

exhibited the lowest communication signals. This may be due to their compact spatial 

organization, which facilitates more specific intercellular communications (Fig. 4.5a-c). Unlike 

lymphocyte-enriched CEs, stromal cells are more spatially dispersed and therefore produce a 

wide range of signalling molecules, enabling diverse interactions across longer distances175. 

Notably, the EC_c5_STEAP4 (CE4) displayed the highest number of outgoing signals compared 

to other CE members, followed by the two complement fibroblasts (Fib_c3_C7 and Fib_c6_IGF1) 

(Fig. 4.7d). Moreover, the immunosuppressive Mφ_c2_CCL18 displayed the most outgoing 

signals compared to other immune cells, reflecting its critical role in shaping the TME.  

We next investigated the relative communication pathway activities across CEs. We observed 

substantial differences among CEs composed of similar cell types. For example, the 

lymphocyte-enriched CE1 showed elevated activity in CD86, ApoE, and SIRP pathways, 

whereas CE2 was characterized by higher activity in CD34, CD23, and SELL pathways (Fig. 4.7e). 

This was also observed in stromal cell-enriched CEs. CE3 showed elevated SERPINE1, PLAU, 

and SPP1 angiogenic pathways, while CE5 showed higher activity in PDGFRB, ADGRG, and 

COMPLEMENT pathways. Notably, CE4 exhibited distinct activation of the KIT pathway, which is 

a key signalling axis for mast cell activation through KITLG-KIT176. 
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Figure 4.7 Cell-cell communications among CEs. (a) Heatmap showing the cell-cell interaction counts 

across CEs using CellChat. Bar plots on the top and right represent the sums of the columns and rows, 

respectively. (b) Average cell-cell interaction counts based on ligand-receptor pair types using CellChat. 

(c) Heatmap showing the secreted ligand-receptor pairs enriched (padj < 0.05) among CEs. Left bar 

shows the sum of rows and colours represent each contributing CE. (d) Dot plot showing the average 

number of outgoing signals across CE cell states facetted by major cell types. (e) Heatmap showing the 

relative communication probability across CEs. 
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We then investigated the specific communications between CEs, by utilizing the CellChat 

database of L-R pairs. The majority of differentially enriched L-R pairs were unique to an 

individual CE (65.4%, 286 out of 437). The CXCL14-CXCR4 was the most common signalling axis, 

and was shared across four CEs (CE2-5), while SPP1-CD44 was shared in three CEs (CE1, CE3, 

CE4) (Fig. 4.8a). Additionally, CCL3-CCR1 signalling was enriched in both CE1 and CE3, 

suggesting an important role in macrophage recruitment and M2-polarization, which are key 

features of both CEs177. Notably, the majority of checkpoint molecules, including CD86-CTLA4, 

NECTIN2-TIGIT, LAIR1-LILRB4, and LGALGS3-LAG3, were specifically enriched in CE1 and 

originated mainly from Myeloid-CE1 (Mφ_c2_CCL18) towards CE1 CD8+ T/NK cells (Fig. 4.8a-b). 

Additionally, this CE was specifically enriched for diverse chemokine axes mediating 

macrophage recruitment (CCL5/7/13/23-CCR1 and CSF1-CSF1R), as well as Treg recruitment 

and activation (CCL18-CCR8 and CCL20-CCR6).  

CE2 exhibited elevated proinflammatory TNF-TNFRSF1B directed towards CE2 myeloid cells, as 

well as CE1 T and NK cells, indicating possible inter-CE communications. Additionally, CE2 was 

enriched for IL16-CD4 signalling, which is reported to drive Th1 cell polarization and associated 

with favourable responses to ICB immunotherapy178. Notably, CE2 uniquely displayed elevated 

BTLA-TNFRSF14 checkpoint signalling originating from CE2 CD4+ T cells towards B and CE2 

CD8+T/NK cells179, highlighting distinct immunosuppressive mechanisms across CEs. 

Further, multiple stromal cells were enriched for the pleiotropic growth factor MDK, which 

interacted with several receptors (Fig. 4.7e and 4.8b)180. However, CE3 uniquely exhibited MDK-

SDC1 signalling, as SDC1 enrichment was restricted to CE3 stromal cells. Therefore, while 

certain ligands are shared across CEs, individual CEs could engage in distinct signalling 

pathways. In addition, CE3 displayed elevated SERPINE1-PLAUR signalling originating from CE3 
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stromal cells targeting both CE3 stromal and CE3 myeloid cells. Beyond its pro-fibrotic 

functions181, this cytokine also promotes M2 macrophage polarization, thus driving 

immunosuppression182. 

CE4 and CE5 shared multiple growth factor signalling including AREG-EGFR, HBEGF-EGFR, and 

PDGFRD-PDGFRB, as well as the chemokine CXCL12-CXCR4 signalling axis. Consistent with 

the pathway analysis using CellChat, CE4 was also enriched for the KITLG-KIT from CE4 

endothelial cells towards CE4 myeloid cells, indicating mast cell activation (Fig. 4.7e and Fig. 

4.8b). CE5 was uniquely enriched for PDGFRB-PDGFRA/B signalling, originating from CE5 

endothelial cells and targeting CE5 stromal cells. This pathway is active during normal tissue 

conditions183, which is a hallmark for this CE. 
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Figure 4.8 CE-specific ligand receptor interactions. (a) Heatmap showing the enriched ligand-receptor 

pairs across CEs. Top bar plot represents the sum of the columns. Checkpoint molecules are coloured 

by red. Statistical significance was calculated using an unpaired Wilcoxon test. (b) Heatmaps of enriched 

ligands (left) and corresponding receptors (right) across CE cell type members. Bar plots on the top and 

left/right represent the sum of the columns and rows, respectively. Bottom annotation is coloured based 

on the cell type and CE group. Links connecting the ligand from left heatmap and corresponding receptor 

on right heatmap are coloured based on their unique CE. Links are coloured black if they are active in 

more than one CEs. 
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4.6 Conclusions and Discussion 

Diverse cell types communicate with each other to form cellular niches that drive cancer 

progression and therapeutic resistance. However, understanding the key cell types and the 

mechanisms by which they form these cellular niches is largely unresolved. In our analysis we 

identified five robust CEs with distinct phenotypic, spatial organization, and cell-cell 

communication profiles. Unlike the Puleo et al five TME subtype classification which relied on 

broad gene signatures in bulk RNA-seq datasets116, we leveraged the single-cell atlas to identify 

more accurate subtypes based on ground truth proportions. More recently, Sivakumar et al 

characterized myeloid-enriched (ME) and adaptive-enriched (AE) groups in PDAC using multi-

omics approaches, uncovering key differences in signalling mechanisms184. In contrast, we 

identified sub-categories within the ME group, with CE1 and CE3 both enriched in macrophages 

but exhibiting marked differences in functional, and metabolic activities as well as intercellular 

communications. 

Moreover, our CE analysis further validates the critical role of Mφ_c2_CCL18 in driving PDAC 

immunosuppression, potentially through the establishment of CE1 via Treg recruitment and 

regulation of CD8+ T and NK cell activity. This suggests that only a subset of patients with 

elevated CE1 abundance (CET1) may selectively benefit from ICB therapy by reversing T cell 

dysfunction. Differential ligand-receptor analysis revealed potential CE1-specific ICB 

therapeutic targets, including CD86-CTLA4, NECTIN2-TIGIT, and LGALS9-HAVCR2, whereas PD-

L1-PD1 was not significantly enriched. Notably, phase II clinical trials of CTLA-4 monotherapy in 

locally advanced or metastatic PDAC reported poor response rates185 186. It is possible that most 

patients enrolled in these studies belonged to other CETs that are potentially refractory to ICB 

responses. Importantly, nearly all patients in these studies received standard-of-care 
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chemotherapy prior to ICB. Given that neo-CTx reduces CE1 abundance, this may help explain 

the lack of therapeutic efficacy.  

PDAC is mainly composed of a dense fibrotic stroma that impairs vascularization and limits 

immune cell infiltration187. The hypoxic CE3, composed of Mφ_c4_VEGFA, and 

Fib_c1_MMP1/Fib_c2_CXCL8 populations, aligns with recent studies reporting the co-

occurrence of SPP1+ macrophages and FAP+ fibroblasts, which collectively restrict T cell 

infiltration and drive resistance to ICB therapy188 189. Notably, CE3 correlated with the 

immunosuppressive CE1 in both co-abundances, and spatial colocalization. This suggests that 

CE1highCE3high PDAC tumours might be refractory to ICB therapy compared to CE1highCE3low 

tumours, due to CE3-driven immune exclusion surrounding the tumour compartment. 

Therefore, combination strategies targeting vulnerabilities in both CEs may yield more effective 

responses. For instance, a recent phase II study (TM5164-MM trial) in advanced melanoma 

demonstrated that combining a PAI-1 inhibitor (TM5614) with anti-PD-1 antibody was both well 

tolerated and effective190. Collectively, these findings provide key insights into the PDAC TME 

heterogeneity with potential clinical relevance. Further analyses of bulk RNA-seq data will be 

performed in later chapters to validate the association of these CEs with clinical outcomes and 

treatment responses 
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Chapter 5  

Associations of CEs with clinical outcomes 

5.1 Introduction and Aims 

Due to the late onset of symptoms and lack of adequate screening methods, the prognosis of 

PDAC remains poor, with less than 20% of patients presenting with resectable disease at the 

time of diagnosis191. Even after primary tumour resection, most patients develop early disease 

recurrence with 5-year survival rate of 12-17%192. Furthermore, due to the lack of effective 

surveillance for improving post-operative survival192, more accurate biomarkers for prognosis 

and predicting recurrence are urgently needed. Of note, the carbohydrate 19-9 (CA19-9) is the 

most extensively studied biomarker for prognostic surveillance in PDAC, and a relative 

postoperative increase in CA19-9 has been shown to precede detection of recurrence for up to 

7 to 10 months193. However, several limitations which impair the value of this biomarker have 

been identified. For example, approximately 6% of Caucasian population is Lewis-antigen 

negative, leading to reduced CA19-9 production194. This poses a significant clinical challenge as 

patients with low or undetectable CA19-9 levels may receive suboptimal chemotherapy, as well 

as delayed recurrence detection194. Additionally, CA19-9 have been reported to not sufficiently 

distinguish between malignant and benign obstructive jaundice diseases195. What is more, this 

antigen has displayed a low sensitivity and specificity of 70-74% for distinguishing PDAC from 

healthy and chronic pancreatitis groups196, further emphasizing the need for more accurate 

prognostic biomarkers. 
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Currently, patients with locally advanced or metastatic PDAC receive standard of care 

FOLFIRINOX or gemcitabine/paclitaxel combination chemotherapy. Despite its improved 

therapeutic benefit compared to gemcitabine, responses remain heterogeneous and most 

patients are resistant to this treatment regime14. This variability can be attributed to the 

substantial inter-tumour heterogeneity evident in PDAC197. Findings from the COMPASS trial 

further demonstrated that basal-like tumours are refractory to FOLFIRINOX198, highlighting the 

potential utility of molecular classification for treatment selection. However, recent scRNA-seq 

studies revealed extensive ITH, with basal-like and classical cancer cells frequently co-existing 

in individual tumours107. This poses a major challenge to treatment responses and complicates 

the clinical application of subtype-based patient stratification. 

Moreover, advancements in scRNA-seq technology have provided deeper insights into the TME, 

uncovering cell types with prognostic relevance across multiple cancer types. For instance, the 

CXCL9/SPP1 ratio, which reflects macrophage polarity distinct to the conventional M1/M2 

classification, has shown strong prognostic value in head and neck squamous cell carcinoma 

(HNSC)199. In PDAC, TME-derived biomarkers such as the neutrophil/lymphocyte ratio and 

transcriptomic immunophenotypes have similarly been associated with patient survival200. 

However, these approaches do not capture the extensive cellular diversity within the TME or the 

combined impact of cellular ecosystems on patient prognosis and treatment responses.  

Therefore, in this chapter, we aim to investigate the prognostic and predictive significance of the 

identified cell states and CEs by utilizing multiple bulk RNA-seq datasets with clinical 

information. The specific aims of this chapter include: 
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 Develop a deconvolution tool that would enable accurate estimation of cell type and cell 

state abundances in PDAC and benchmark its performance across other deconvolution 

methods. 

 Investigate the association of TME cell states and CEs with patient survival and 

metastatic potential. 

 Investigate the association of TME cell states and CEs with chemotherapy and 

immunotherapy responses. 

 Validate CE biomarkers for predicting patient survival using patient-derived samples. 

5.2 Robust cell type and cell state deconvolution of bulk 

transcriptomic data 

Using our large-scale atlas, we developed a deconvolution tool for both cell types (CTcaller) and 

cell states (CScaller), designed to accurately estimate cell abundances in bulk RNA-seq 

datasets. Briefly, we obtained refined signature genes whose expression correlated with ground-

truth abundances of the corresponding cell types or states (Methods 2.10.2). Next, for each bulk 

sample, average gene signatures of cell types were computed and normalized to yield 

probability distributions ranging from 0 to 1 within each sample. 

We then compared this deconvolution framework with other reference-based deconvolution 

tools, including CIBERSORTx121, InstaPrism122 (a fast implementation of BayesPrism201), 

MuSiC123, NNLS123, and BisqueRNA124. We evaluated the estimated cell-type proportions from 

each deconvolution method against ground-truth proportions using both Pearson’s and 

Spearman’s correlations, and RMSE metrics. In the pooled analysis, CIBERSORTx achieved the 

best performance (R = 0.8, RMSE = 0.07), followed closely by our CTcaller (R = 0.74, RMSE = 0.09) 
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(Fig. 5.1a). To obtain more robust assessments, we next calculated the aforementioned metrics 

for each cell type individually. Both CTcaller and CIBERSORT showed the highest median 

Pearson’s and Spearman’s correlations, and 1-RMSE scores, compared with other 

deconvolution tools (Fig. 5.1b). We then calculated the percentage of cell types with significant 

correlation between the estimated and ground truth proportions across methods. CTcaller 

outperformed other methods with all cell types showing significant correlations, followed by 

CIBERSORTx, and InstaPrism (Fig. 5.1c). 

 

Figure 5.1 Cell type deconvolution benchmarking. (a) Correlation of estimated cell type abundances 

with ground truth proportions facetted by deconvolution methods. Points are coloured based on the cell 

type. Both the Pearson’s (P) and Spearman’s (S) correlation coefficients are displayed along with the 

RMSE.  (b) Boxplots comparing the cell type-based performance metrics across deconvolution methods. 
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Statistical significance was calculated using a two-sided Wilcoxon rank-sum test using the CTcaller as 

reference. *P<0.05, **P<0.01, ***P<0.001. (c) Bar plots showing the frequency of cell types with 

significant positive correlations (R > 0 and P < 0.05) between their ground truth proportions and estimated 

proportions. RMSE: Root mean squared error. 

The same analysis was then repeated for all 53 TME cell states. Similar to the cell type level, 

CIBERSORTx achieved the best performance (R = 0.5, RMSE = 0.05) in the pooled analysis, 

followed closely by CScaller (R = 0.44, RMSE = 0.05) (Fig. 5.2a). However, when evaluating the 

deconvolution accuracy for each cell state individually, the CScaller significantly outperformed 

other tools with the highest median for all metrics (Fig. 5.2b-c). 
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Figure 5.2 Cell type deconvolution benchmarking. (a) Correlation of estimated cell state abundances 

with ground truth proportions facetted by deconvolution methods. Points are coloured based on the cell 

state. Both the Pearson’s (P) and Spearman’s (S) correlation coefficients are displayed along with the 

RMSE.  (b) Boxplots comparing the cell state-based performance metrics across deconvolution 

methods. Statistical significance was calculated using a two-sided Wilcoxon rank-sum test using the 

CScaller as reference. *P<0.05, **P<0.01, ***P<0.001. (c) Bar plots showing the frequency of cell states 

with significant positive correlations (R > 0 and P < 0.05) between their ground truth proportions and 

estimated proportions. RMSE: Root mean squared error. 

To further evaluate the accuracy of our deconvolution framework, we performed the same 

benchmarking analysis in an independent single-nucleus RNA-seq (snRNA-seq) dataset from 
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Hwang et al61, using their pre-annotated labels (Supplementary Fig. 3). CTcaller achieved 

consistently high correlations, comparable to other deconvolution methods, and achieved the 

highest median Spearman’s correlation (Supplementary Fig. 3c-e). Collectively, these results 

highlight the utility of CTcaller and CScaller for accurately estimating TME cell type and cell state 

abundances, respectively, and for enabling downstream analyses in bulk RNA-seq datasets.  

However, the strong performance of CTcaller and CScaller may be reflect optimization to the 

specific reference atlas, and may lack generalisability to independent cohorts. Although we 

validated performance using an external snRNA-seq dataset, future work incorporating blinded 

datasets from additional platforms and tumour contexts will be important for further assessing 

robustness. 

5.3 Association of TME cell states and patient survival 

We then utilized our deconvolution tool to decipher the prognostic landscape of TME cell states 

in resectable PDAC tumours from five bulk RNA-seq datasets (Supplementary Table 12). For 

each individual study, we estimated TME cell state abundances using CScaller, and performed 

multivariate Cox regression to account for age, sex, and stage (Fig. 5.3a). Prognostic genotypes, 

such as KRASWT or HRR deficiency, were not available as control variables in our analysis. 

Results show substantial heterogeneity in overall survival between cell states belonging to the 

same cell type. For instance, the Fib_c2_CXCL8 and Fib_c1_MMP11 correlated the strongest 

with poor survival while Fib_c3_C7 and Fib_c6_IGF1 correlated with favourable survival (Fig. 5.3a 

and 5.3c). In line with previous reports, the SPP1+ M2-like macrophage correlated strongly with 

poor outcomes across cohorts188. Interestingly, the CCL21+ endothelial cell population 

(EC_c2_CCL21) was associated with poor outcomes compared to other endothelial cell states, 
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including EC_c1_ACKR1, and EC_c4_SEMA3G, suggesting opposing roles regarding disease 

progression. Notably, the association between cell state abundance and patient outcomes was 

consistent across the five cohorts for both overall survival and disease-free survival, despite 

differing sequencing platforms used between studies (Fig. 5.3b, Supplementary Fig. 4a and 

Supplementary Fig. 4c). To further validate these results, we performed the survival analysis 

using InstaPrism deconvolution (Supplementary Fig. 4b). Association between cell state 

abundance and patient outcomes was consistent between the two deconvolution methods, 

with positive correlations in four bulk RNA-seq cohorts, except for TCGA (Supplementary Fig. 

4d).  

 

Figure 5.3 Prognostic landscape of TME cell states. (a) Heatmap showing the association of cell states 

with overall survival (OS) through multivariate Cox regression modelling. If cell states are associated with 

worse outcomes (HR > 1), the survival association is presented as -log10 (p-value). If cell states are 
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associated with improved outcomes (HR < 1), the survival association is presented as -log10 (p-value) 

multiplied by -1. Bar plot on top represents the average the survival association for each cell state. (b) 

Correlation of cell state survival associations between the CPTAC and TCGA cohorts. Points are coloured 

based on cell type. Statistical significance was calculated using Pearson’s correlation. (c) Kaplan-Meier 

survival curves for the fibroblasts Fib_c2_CXCL8 and Fib_c3_C7 in both the TCGA and CPTAC cohorts. 

5.4 Association of CEs with patient survival and metastasis 

We then estimated CE abundances in the bulk datasets and stratified patients into CETs, based 

on their most abundant CE (Methods 2.10.4). Similar to the single-cell atlas, CET5 was distinctly 

enriched in NAT tissue samples (χ2 test P = 2.7 x 10-11) (Fig. 5.4a). CET frequencies were 

comparable across datasets, including the single-cell atlas, with the CET3 being the most 

frequent (36.2%, 281 out of 776), while the neo-CTx-enriched CET4, was the least frequent 

(7.1%, 55 out of 776) (Fig. 5.4b). The TLS-like CET2, was found in 11.3% of patients (88 out of 

776), similar to the reported frequencies of intratumoural TLS in PDAC (15.9%)202. Kaplan-Meier 

survival analysis showed significant associations of the identified CETs with both overall (OS) 

and disease-free survival (DFS) (Fig. 5.4c). CET5 displayed the longest median survival (OS: 42 

months, DFS: 31 months), followed by CET2 (OS: 32 months, DFS: 24 months). In contrast, CET3 

was linked with worst survival displaying the shortest median survival (OS: 16 months, DFS: 10 

months), followed by CET1 (OS: 20 months, DFS: 16 months). Multivariate Cox regression 

showed that higher CE3 abundance was consistently associated with worse survival across 

studies, while CE5 was associated with favourable survival (Fig. 5.4d).  
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Figure 5.4 Association of CEs with patient outcomes and metastases. (a) Heatmap showing the CE 

abundances across the five PDAC cohorts, grouped into CETs. (b) CET frequencies within individual bulk 

cohorts, the scAtlas, and combined datasets. (c) Kaplan-Meier survival curves for the assigned CETs 

using all PDAC cohorts for both OS (left) and DFS (right). Statistical significance was determined using 

the two-sided log-rank test for each CET pair. (d) Forest plots showing the association of CE abundances 

as a continuous variable with overall survival using multivariate Cox proportional hazards regression. 

We then correlated CE abundances with different types of metastatic spread. Only the CPTAC 

cohort included data for the presence of vascular or perineural invasion, and was therefore used 

for analysis. CEs did not significantly differ in vascular invasion, however, both CE4 (P = 0.002) 

and CE5 (P = 0.04) were significantly associated with the presence of perineural invasion (Fig. 

5.5a). This metastatic potential aligns with the cellular composition of both CEs, as they are 

distinctly enriched with neurotropic fibroblasts and Schwann cells. Next, we utilized the recent 
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study from Link et al117, that compared metastatic PDAC that either spread to the lung (n = 25) or 

the liver (n = 85), with the former group associated with significantly longer survival. Our results 

show that both CE2 (P = 0.048) and CE5 (P = 0.027) were enriched in the lung cohort, while the 

more aggressive CE3, was enriched in the liver cohort (P = 0.02) (Fig. 5.5b). Notably, CE5 

abundance was independently associated with longer survival in both the liver, and lung cohorts 

(Fig. 5.5b). Next, we utilized our in-house microarray cohort (Oxford-Kidani) that included 

information of distant (predominantly liver) or local (pancreas and regional lymph nodes) and 

distant metastases at the time of tumour resection. Results show that the immunosuppressive 

CE1, was significantly associated with distant metastases (P = 0.01), and to a lesser extent with 

both local and distant metastases (P = 0.049) (Fig. 5.5c). Conversely, CE5 was inversely 

associated with local and distant metastases (P= 0.049). Taken together, these findings reveal 

diverse associations of CEs with clinical outcomes and metastatic potential, suggesting 

potential utility of this classification system for patient stratification. 
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Figure 5.5 CEs and metastasis. (a) Box plots showing the comparison of CE abundance between 

presence or absence of lymph vascular invasion (left) and perineural invasion (right) from the CPTAC 

cohort. (b) Box plots showing the comparison of CE abundance between the lung and liver cohorts from 

the Link et al study. Kaplan-Meier survival curves for CE5 level abundances in both the liver (left) and lung 

cohorts (right). (c) Box plots showing the comparison of CE abundance and evidence of distant 

metastasis (left) and both local and distant metastases (right) from the Oxford-Kidani cohort. (a-c) 

Statistical significance was calculated using a two-sided Wilcoxon rank-sum test. *P<0.05, **P<0.01, 

***P<0.001. 
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Next, we compared our CET classification with TME-based prognostic subtypes from previous 

studies116 203 204 41 (Fig. 5.6a). Results show that our CET subtypes displayed poor to moderate 

overlap with previous classifications, highlighting the potential of our CET classification to offer 

new insights into the PDAC TME. We then investigated the prognostic value of our CET subtypes 

by adjusting for the basal-like and classical subtypes. We first stratified patient samples into the 

consensus basal-like, mixed, and classical subtypes through unsupervised clustering of the 

Moffitt et al40, Collisson et al39, and Bailey et al41 gene signatures (Fig. 5.6b). After excluding the 

mixed group, we revealed that the CET subtypes were independently prognostic in both the 

classical and basal-like subtypes, with CET3 and CET5 displaying opposing survival outcomes 

(Fig. 5.6c). The CETs were also significantly prognostic in multivariate Cox regression for both OS 

and DFS (Fig. 5.6d).  
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Figure 5.6 Comparison of the CET classification system with previous subtypes. (a) Alluvial plot 

showing the overlap between the stratified CETs and previous TME-based classification from Puleo et al, 

Bagaev et al, and Bailey et al. (b) Heatmap showing the two-consensus classical and basal-like subtypes 

across all five PDAC cohorts. Patient samples with enriched of both classical and basal-like signatures 

were classified as “mixed”. (c) Kaplan-Meier survival curves for the assigned CETs using all PDAC cohorts 

for classical (top) and basal-like tumours (bottom). Statistical significance was determined using the 
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two-sided log-rank test for each CET pair. (d) Forest plots showing the association of CE abundances as 

a continuous variable with overall survival using multivariate Cox proportional hazards regression. 

5.5 Association of CEs with treatment responses 

Recent studies have shown the effect of neo-CTx in modulating the TME, and potentially priming 

the stroma to be more susceptible to immunotherapeutic interventions205. However, the effect 

of neo-CTx in PDAC cellular communities remains poorly understood. Therefore, we investigated 

the association of CE abundance following neo-CTx (FFX) from Zhou et al49 (n = 97, neo-CTx = 33, 

naïve = 64), and compared results with the single-cell atlas. CE1 (P = 6.1x10-5) abundance was 

significantly depleted following neo-CTx, whilst CE4 (P = 0.02) was significantly enriched, 

consistent with the single-cell atlas (Fig. 5.7a). However, unlike the single-cell atlas, CE2 was 

also significantly enriched (P = 0.002). In the enriched group following neo-CTx, the single-cell 

atlas and bulk dataset shared many cell states (41.2%, 14 out of 34), including activated 

lymphoid and myeloid cells, as well as neurotropic fibroblasts (Fig. 5.7b-c). In the depleted 

group, 22.2% (4 out of 18) of the cell states were shared between the two datasets. Both M2-like 

macrophage populations (Mφ_c2_CCL18 and Mφ_c4_VEGFA) were depleted following neo-CTx, 

along with naïve T cells and pericytes (Fig. 5.7b-c). Notably, all proliferating immune cells from 

CE1 were depleted in the bulk dataset, suggesting that the systemic FFX chemotherapy may 

cause off-target effects (Fig. 5.7b). Moreover, the TLS-like CE2 was significantly associated with 

improved survival (HR = 0.30, P = 0.01), indicating enhanced anti-tumour immunity, which is 

consistent with recent findings in hepatocellular carcinoma206. In contrast, enriched CE3 

abundance was associated with worse outcomes (HR = 1.5, P = 0.1). 
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Figure 5.7 CE dynamics following neo-adjuvant chemotherapy. (a) Box plot comparing CE 

abundances between treatment-naïve and Neo-CTx treated samples from the Zhou et al study. Statistical 

significance was calculated using a two-sided Wilcoxon rank-sum test. *P<0.05, **P<0.01, ***P<0.001. 

(b) Concordance heatmap showing the enrichment or depletion of TME cell states following Neo-CTx in 

both the bulk and scAtlas cohorts. Bar plot on the right represents the mean of significance association 

for each cell state. (c) Venn diagrams showing the overlapping cell states enriched (left) and depleted 

(right) following neo-CTx. (d) Forest plots showing the association of CE abundances as a continuous 

variable with overall survival using univariate Cox proportional hazards regression. 

Next, we utilized our in-house Oxford-Kidani and TCGA cohorts to investigate whether CE 

abundances could predict responses to adjuvant GemCap, which is a current standard-of-

care treatment for PDAC patients207. We used DFS as a clinical endpoint. Results show that 
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in both Oxford-Kidani and TCGA, CET1 was significantly associated with worse DFS 

compared to CET5 (Fig. 5.8a). We then investigated the association of cell states with 

GemCap responses (Fig. 5.8b-c). Both studies displayed strong concordance between the 

estimated cell state abundances and survival (R = 0.32, P = 0.018, Fig. 5.8b-c) Results show 

that the proliferating macrophage population (Mφ_c5_STMN1) demonstrated the worst 

outcomes, which is consistent with a recent multi-omics study in PDAC208. This was followed 

by the CE3-specific fibroblasts (Fib_c1_MMP11 and Fib_c2_CXCL8), linking fibrosis with 

chemoresistance. In contrast, the neurotropic Fib_c6_IGF1 population was associated with 

most favourable outcomes, followed by cDC1 (DC_c1_CLEC9A) and multiple endothelial cell 

states (Fig. 5.8d-e). Taken together, these findings demonstrate clear associations between 

CE abundances and chemotherapeutic responses, suggesting their potential utility as 

biomarkers to guide treatment selection. For example, identifying CE5-enriched patients who 

may benefit most from GemCap chemotherapy. 
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Figure 5.8 Association of CEs with adjuvant chemotherapy responses. (a) Kaplan-Meier DFS survival 

curves for the assigned CETs from the in-house Oxford-Kidani cohort (left), TCGA (middle), and combined 

(right) in patients treated with adjuvant GemCap. Statistical significance was determined using the two-

sided log-rank test for each CET pair. (c) Kaplan-Meier OS (left) and DFS (right) survival curves for the 

assigned CETs from the TCGA cohort in patients treated with adjuvant GemCap. Statistical significance 

was determined using the two-sided log-rank test for each CET pair. The top p-value represents the four-

way log-rank result. (d) Concordance heatmap showing the association TME cell states with disease 

recurrence in patients treated with adjuvant GemCap. Bar plot on the right represents the mean of 

significance association for each cell state. (e) Correlation scatter plot comparing the association of TME 
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cell states with disease recurrence between both cohorts. Points are coloured based on cell type. 

Statistical significance was calculated using Pearson’s correlation. 

Given the strong association of both M2-like macrophages and fibrotic stromal cells with 

adjuvant chemoresistance, we explored TME-based immunohistochemistry (IHC) scores of our 

in-house cohort to identify surrogate biomarkers for these CEs. We selected CD68 and αSMA as 

IHC markers, as CD68 serves as a surrogate for macrophage abundance, whereas αSMA marks 

activated fibroblasts and stromal fibrosis. Results show that dual α-SMA+CD68 low scoring was 

associated with the chemo-responsive CE5 while a dual positive staining was associated with 

the fibrotic CE3 (Fig. 5.9a-b). Moreover, the CD68low αSMAhigh was associated with worse 

response compared to CD68low αSMAlow (P = 0.015) (Fig. 5.9c). Although, there was no significant 

difference in CD68high αSMAhigh compared to CD68low αSMAlow, suggesting that stromal fibrosis is 

more strongly linked to chemoresistance. 

However, when using CE1-defined macrophage abundance instead of general CD68 scoring, 

the CE1-Mφhigh αSMAhigh group demonstrated worst survival, with the shortest median DFS (10 

months), compared with the CE1-Mφlow αSMAhigh and CE1-Mφlow αSMAlow groups (Fig. 5.9d). 

These findings suggest that more precise biomarkers, such CE1-specific macrophage markers 

are warranted to better characterize macrophage abundance and improve patient stratification 

for predicting chemotherapy responses. 
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Figure 5.9 Surrogate IHC biomarkers for CEs. (a) Box plots comparing CE abundance between the dual 

CD68highαSMAhigh and the CD68lowαSMAlow groups. Statistical significance was calculated using a two-

sided Wilcoxon rank-sum test. *P<0.05, **P<0.01, ***P<0.001. (b) Representative IHC staining for both 

CD68 and αSMA stains in two CD68highαSMAhigh and one CD68lowαSMAlow patient group. (c) Kaplan-Meier 

DFS curves for the staining combinations in patients treated with adjuvant GemCap. Statistical 

significance was determined using the two-sided log-rank test for each group pair. (d) Kaplan-Meier DFS 

curves for the CE1 Macrophage and αSMA group combinations in patients treated with adjuvant 

GemCap. Statistical significance was determined using the two-sided log-rank test for each group pair.  
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Cancer immunotherapeutic approaches, including ICB therapies, have shown significant 

efficacy in various cancer types, however, their success in PDAC has been limited209. Therefore, 

we investigated whether the CE classification system can be used to predict response to ICB. 

For this analysis, we leveraged 7 publicly available bulk RNA-seq datasets from diverse cancer 

cohorts, that were annotated with RECIST-based response evaluations and survival outcomes 

following treatment with anti-PD1, anti-PD-L1, anti-CTLA4, or combined anti-PD1 and anti-

CTLA4 therapies.  

Results show that the immunosuppressive/proliferative CE1 demonstrated the best response 

to immunotherapy compared to other CEs and cell states (Fig. 5.10a). In contrast, the fibrotic 

CE3 demonstrated the worst response, consistent with the immune-exclusion phenotype of 

this CE. We also compared our CE classification with published ICB-response gene signatures, 

including the ‘T cell inflamed GEP’, ‘IFNG’, and ‘TLS’, as well as ICB-response marker genes, 

including PDCD1, CD274, and CTLA4. Notably, CE1 abundance outperformed all other 

indicators, including tumour mutational burden (TMB), highlighting the strong predictive value 

of this CE. Specifically, both CD8T_c6_STMN1, and NK_c3_STMN1 cell states, both belonging 

to CE1, were associated with best ICB response. Conversely, the VEGFA+ macrophage 

population (Mφ_c4_VEGFA) showed worse responses to immunotherapy, in line with previous 

findings188. Additionally, the average abundance of both the CE1 cell states (CD8T_c6_STMN1, 

and NK_c3_STMN1) demonstrated superior predictive power to various ICB therapies, including 

anti-CTLA4 (AUC = 0.82), anti-PD1 (AUC = 0.79), and anti-PD-L1 (AUC = 0.8), compared to the 

public ‘TLS’, and ‘CD8’ markers (Fig. 5.10b).  

Immunotherapies have been shown to reshape the TME210, thus tracking these changes can 

provide critical insights into ICB response. To investigate this, we analysed CE frequencies in 
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bulk RNA-seq data from a cohort of eight PDAC patients treated with anti-PD1 and radiation 

therapy (RT). This included patient samples collected at baseline (pre-ICB), after ICB treatment 

(post-ICB), and following RT (post-RT)119. Results reveal substantial changes in CET assignments 

along treatment stages (Fig. 5.11a). The single patient that displayed complete response (CR) 

developed a CET1 post-RT, further validating the association of CE1 with effective ICB response. 

Additionally, the patient that displayed partial response (PR) developed CET1 post ICB, followed 

by the fibrotic CET3 post-RT. This suggests that development of the fibrotic/immune-exclusive 

TME prevents ICB efficacy despite the presence of CE1. This reduction in efficacy is also seen 

when calculating a CE1:CE3 ratio (Fig. 5.11a). However, this analysis was limited to primary 

tumours, therefore, we could not assess the development of CET3 or CE1:CE3 ratio dynamics 

in metastatic tissues. 

To further validate these findings, we analysed the Riaz et al melanoma cohort which included 

pre-ICB and post-ICB biopsies collected from patients treated with anti-PD1 immunotherapy119. 

Similar to the PDAC cohort, the majority of CR patients developed a CET1 phenotype post-ICB 

without a pre-existing CET3 (Fig. 5.11b). Additionally, a high CE1:CE3 ratio was significantly 

associated with response when comparing CR vs PD (P = 0.01), and PR vs PD (P = 0.04), only 

during the post-ICB group. Collectively, these findings highlight the importance of tracking TME 

dynamics during ICB immunotherapy, with patients developing CE1 from non-CE3 tumours 

respond best to immunotherapy. 
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Figure 5.10 Association of CEs with ICB responses. (a) Concordance heatmap showing the association 

of CE, cell state and public biomarker levels with ICB response across immunotherapy cohorts. Survival 

bar plots on the right indicate the average significance association (-log10(p-value)) for each variable with 

overall survival (left heatmap), while the BOR bar plots indicate the average significance association (-

log10(p-value)) for each variable with RECIST response (right heatmap). An average of both survival and 

BOR bar plots is indicated as a combined performance score and is used to order all variables from best 

to worse ICB response. (b) ROC curves comparing the predictive performance of the CE1 CD8T/NK cells 

with other ICB-response markers across immunotherapy cohorts. AUC: Area under the curve. 
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Figure 5.11 TME dynamic changes along ICB treatment stages (a) Alluvial plot showing the patient 

stratification to CETs in the pre-ICB, post-ICB, and post-RT groups from the Parikh et al PDAC cohort (left). 

Paired analysis of the CE1:CE3 ratio levels across pre-ICB, post-ICB, and post-RT groups (right). (b)  

Alluvial plot showing the patient stratification to CETs in the pre-ICB, and post-ICB groups from the Riaz 

et al melanoma cohort (left). Paired analysis of the CE1:CE3 ratio levels across pre-ICB, and post-ICB 

groups (right). Statistical significance within the on-treatment response groups was determined using an 

unpaired Wilcoxon rank-sum test. *P<0.05, **P<0.01, ***P<0.001. RT: Radiation therapy; PD: Progressive 

disease; SD: Stable disease; PR: Partial response; CR: Complete response.  

Cytokines are key immune response regulators, and hold promise as biomarkers for predicting 

patient outcomes and treatment responses211. However, current pre-clinical models, including 

patient-derived cell lines, xenografts (PDX), and organoids, do not capture the TME complexity, 

and therefore, cannot provide TME-derived cytokines needed for effective patient 
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stratification212. As a result, the O’Neill group has established a personalized organotypic 

“avatar” system from resected tissue that successfully maintains the TME architecture and 

predicts clinical responses213. Therefore, we utilized this ex vivo system to characterize CE-

based cytokine profiles in conditioned media from five patients. We first performed differential 

expression of the down-sampled atlas and filtered enriched cytokines that were included in the 

cytokine profile array (60 cytokines) (Fig. 5.12a). CE2 did not display unique cytokines due to the 

limited cytokine panel that lacked CE2-specific cytokines including TNF-α, and IL-16.  

Interestingly, the patient that displayed favourable response to stereotactic body radiotherapy 

(SBRT) (Patient_1), exhibited high levels of CE5 cytokines and lacked CE3-specific cytokines (Fig. 

5.12b-d). Conversely, the patient that displayed metastasis (Patient_3), showed elevated levels 

of CE3 cytokines. Patients 4 and 5 displayed the highest cytokine levels of CE3 along with other 

CEs, however no clinical follow up data was obtained for both patients. In summary, these 

findings provide a proof of concept for the potential utility of integrating CE-based biomarkers 

with the ex vivo avatar model system to effectively predict patient prognosis and treatment 

responses.  
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Figure 5.12 CE-based cytokine profiles in patient-derived avatars. (a) Heatmap showing the distinct 

CE-specific cytokines identified using differential gene expression analysis. Left heatmap shows the 

scaled average expression while the right heatmap shows the binary significance across CEs (padj < 

0.05). (b) Heatmap showing the CE-based cytokine protein levels across patient samples. The 

normalized protein levels were scaled. (c) Heatmap showing the average levels of CE-based cytokines 

across patient samples (columns). (d) Box plots comparing CE3 and CE5 cytokine activity across patient 

samples. Each point indicates a cytokine belonging to the corresponding CE. Statistical significance was 

determined using an unpaired Wilcoxon rank-sum test. *P<0.05, **P<0.01, ***P<0.001. 

5.6 Conclusions and Discussion 

Due to the frequently late diagnosis, early metastasis, and high therapeutic resistance, PDAC 

prognosis remains poor191. Our findings reveal previously uncharacterized CEs that could 

provide clinical utility for patient prognosis and treatment selection. Furthermore, given the 

limited therapeutic options, early detection of PDAC through diagnostic biomarkers is essential 

for improving survival. Although our analysis was not primarily focused on early detection, the 

CE5 phenotype may still provide key diagnostic insights, as this cellular ecosystem is 

particularly enriched normal tissue but also present in PDAC tumours. A key characteristic of 
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this ecosystem is the complement-enriched fibroblast population (Fib_c6_IGF1) expressing 

high IGF1 levels and other markers. Recent reports have shown that IGF-1 is connected with 

early carcinogenesis in animals and humans214. However, studies have shown that IGF-1 and 

IGFBP-2 levels did not perform better than CA19-9 in differentiating between PDAC from chronic 

pancreatitis (CP)215. Other CE5-specific cytokines could help diagnose PDAC in CP patients. For 

instance, PDGFB which we found enriched in CE5 through our ligand-receptor pair analysis, was 

recently reported as a candidate biomarker enriched in PDAC compared to CP216. Therefore, 

screening CE-specific cytokines may uncover additional diagnostic biomarkers for the early 

detection of PDAC, potentially enhancing the sensitivity of the established marker CA19-9. 

The FOLFIRINOX chemotherapeutic regimen is considered the most effective first-line 

treatment for patients with locally advanced or metastatic PDAC, displaying prolonged survival 

compared to gemcitabine treatment217. Despite the improved response rates, around 25% of 

patients develop disease progression during treatment218. Our results in both the single-cell 

atlas and bulk validation datasets show that FOLFIRINOX significantly remodels the TME with 

the reduction in immunosuppressive/proliferative CE1 an increase in activated immune cells 

(CE4) and neurotropic fibroblasts (CE4 and CE5). This similar TME remodelling has been 

associated with improved survival following neo-CTx in both PDAC and CRC tumours150 160. 

However, re-emergence of the immunosuppressive CE1 has been linked to progressive disease 

in CRC160. Our results show that high CE1 abundance is associated with presentation of early 

distant metastases at diagnosis. This suggests that a subset of patients who initially present with 

CE1 may respond well to FFX (through reduction of CE1 immunosuppressive cells) but may later 

relapse, with CE1 re-establishing in metastatic sites. Therefore, further investigation into the 

molecular mechanisms driving metastasis in CE1 tumours is warranted. 
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Moreover, CE1 abundance shows strong predictive value for adjuvant GemCap resistance. We 

found that the proliferating macrophage population (Mφ_c5_STMN1) was more strongly 

associated with resistance than any other TME cell states. This aligns with findings from Zhang 

et al208, where they showed that proliferating macrophages survive chemotherapy by reducing 

gemcitabine absorption via enhanced deoxycytidine (dC) production as well as promoting 

fibrosis. Conversely, we also reveal that CE5 tumours are strongly associated with improved 

survival following GemCap. Therefore, we propose that identifying CE5 PDAC tumours, either 

through IHC scoring of both CD68 and α-SMA or secreted cytokine profiling, could help stratify 

GemCap responders from the resistant CE1/CE3 groups. Additionally, this CE classification 

system could help in minimizing chemotherapy-induced toxicity, for example, patients with CE1 

tumours may be directed to FOLFIRINOX, while CE5-enriched patients could benefit from the 

less toxic GemCap regimen14. 

Despite successes of ICB in other solid cancers, PDAC has been largely refractory to ICB219. Our 

results show that CE1 abundance outperformed other known biomarkers predicting ICB 

responses across cancer types, including TLS220. As a result, measuring CE1 abundance may 

act as a powerful approach for identifying PDAC patients who should be treated with ICB. 

Notably, CE1 did not display the classical immune-hot phenotype associated with favourable 

responses to ICB across cancer types221. Instead, CE1 consisted of immunosuppressive and 

proliferating M2 macrophages, proliferating CD8+ T and NK cells, and Tregs. Similarly, a recent 

study in sarcoma identified an ecotype characterized with M2-like macrophages that was 

resistant to chemotherapy but responsive to ICB222. However, our analyses using both the 

single-cell atlas and spatial transcriptomics revealed that CE1 and CE3 frequently co-exist 

within individual tumours, which may limit effective ICB responses in pancreatic cancer. 
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Therefore, the CE1 to CE3 ratio, could serve as a more accurate biomarker for predicting ICB 

efficacy, as supported by our findings in the longitudinal immunotherapy cohorts.  

Moreover, a recent Phase 2 study combining nivolumab with modified FOLFIRINOX in 

metastatic PDAC failed to show meaningful increase in efficacy223. Our findings indicate that 

proliferating CD8+ T and NK cells within CE1, which were most strongly associated with ICB 

response, were depleted following FOLFIRINOX chemotherapy. Consequently, the loss of ICB-

responsive cells by systemic chemotherapy could explain the limited efficacy of a-PD-L1 

therapy. These results highlight the need for alternative treatment strategies to enhance 

immunotherapeutic efficacy in PDAC.  
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Chapter 6  

Tumour cell heterogeneity and association with CEs 

6.1 Introduction and Aims 

In recent years, large-scale scRNA-seq  and spatial transcriptomic studies have provided 

deeper insights into the ITH across diverse cancer types. For example, Gavish et al, identified 41 

consensus meta-programmes (MPs) spanning 24 tumour types, encompassing cellular 

processes such as cell cycle, stress responses, and lineage-specific programmes224. Similarly, 

a recent study in cervical squamous cell carcinoma highlighted distinct interactions between 

cancer cell states and immune and stromal components of the TME225. Despite these advances, 

PDAC ITH and how it shapes the TME remains underexplored, and there is an urgent need to 

investigate this heterogeneity beyond the conventional basal-like and classical subtype 

framework. 

Furthermore, genomic alterations arising from chromosomal instability have been implicated in 

shaping PDAC subtype identity, with mutant KRAS amplifications particularly enriched in the 

aggressive basal-like subtype42. However, the relationship between genomic alterations and 

tumour cell states beyond the basal-like and classical subtypes remain poorly understood. 

Therefore, in this chapter, we aim to identify and characterize consensus tumour cell states of 

PDAC and to explore their interactions with TME. The specific objectives of this chapter include: 
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 Distinguish malignant cells from non-malignant epithelial cells using inferred copy 

number alterations and malignant gene signatures. 

 Identify and characterize malignant cell states that underlie ITH. 

 Investigate the associations of malignant cell states with the identified CEs and their 

distinct intercellular communications networks.  

 Explore genomic alterations driving these changes in ITH. 

6.2 Identification of PDAC tumour cells 

We first subclustered the epithelial compartment into six phenotypes, including epithelial_1, 

ductal_1, ductal_2, acinar, tuft, and liver-specific hepatocytes (Fig. 6.1a). Epithelial_1 

resembled tumour cells expressing high levels of established PDAC genes (KRT19, S100A6, 

MUC1) and was absent in NAT tissue (Fig. 6.1b). The MUC5B+ ductal_2 cluster also expressed 

malignant PDAC genes as well as normal ductal genes to a lesser extent. This suggests that 

ductal_2 cluster is an intermediate phenotype between normal and malignant PDAC cells107. 

To accurately distinguish tumour cells from non-malignant epithelial and TME cells, we analysed 

aneuploid CNAs profiles across all epithelial cells, as CNAs are a hallmark feature in around 

90% of solid tumours226. We applied CopyKAT125, which has been shown to outperform other 

gene expression-based CNA inference tools in a recent benchmarking study227. Each sample 

was processed individually to avoid batch effects, using immune cells as references (Fig. 6.1c).  

To evaluate the accuracy of the tumour cell classification, we compared the genome-wide CNA 

frequencies of CopyKAT-predicted tumour cells with TCGA whole-exome sequencing (WES) 

data.  The results demonstrated strong concordance with TCGA WES for both copy number 

amplifications (R = 0.66, P = 8.1x10-06) and deletions (R = 0.8, P = 8.9x10-09) (Supplementary Fig. 
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5a-d). Predicted tumour cells exhibited frequent amplifications in chromosome arms 1q, 8q, 7p, 

20q, and 3q, and deletions in 17p, 18q, 9p, 6, 8p, and 3p, consistent with alterations commonly 

reported in PDAC228 115.  

Furthermore, to avoid false negatives in tumour cells with low CNA burden, we additionally 

evaluated epithelial gene signatures. Specifically, we assessed malignant-associated (MUC1, 

CDH1, KRT19, FXYD3, KRT17, KRT7, S100A4, KRT8, S100A6, TFF1, TFF3) alongside normal 

epithelial (AMY2A, AMY2B, PRSS1, CFTR, SLC4A4, BICC1) gene signatures to more accurately 

distinguish tumour from non-malignant cells (Fig. 6.1d-e)107. Additionally, results show that MT 

tumour cells displayed significantly higher CNA burden compared to PT (P = 0.01), highlighting 

the association of CNAs with disease progression and metastasis229. 
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Figure 6.1 Identification of malignant PDAC cells. (a) UMAP embeddings of the epithelial cells coloured 

by the six identified clusters. (b) Dot plot showing the gene expression of markers specific to each 

epithelial cell cluster. Bar plot (right) showing the frequency of epithelial cell abundances in NAT, PT, and 

MT tissues. (c) CNA heatmaps of two individual samples estimated by CopyKAT. (d) UMAP embeddings 

of epithelial cells coloured based on the malignant (left) and normal epithelial (right) gene signature 

scores. (e) UMAP embeddings of epithelial cells coloured by the final predictions for distinguishing 

tumour from normal cells. (f) Box plots showing the differences in average CNA scores between tissue 

types. Statistical significance was determined using a two-sided Wilcoxon-rank sum test. *P<0.05, 

**P<0.01, ***P<0.001. 
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6.3 Identification and characterization of tumour ITH  

To identify recurrent tumour cell states underlying intratumoural heterogeneity in PDAC, we 

analysed each sample containing more than 100 tumour cells separately. Briefly, clustering was 

performed at multiple resolutions and the top 50 significantly enriched genes from each cluster 

were defined as cluster-specific gene signatures. Across all samples, this yielded 621 unique 

gene signatures, which were subsequently subjected to consensus clustering (Methods 2.11.2). 

This analysis revealed six robust ITH clusters, determined based on the highest average 

silhouette width (Fig. 6.2a-b). Individual tumour cells were annotated based on the highest 

enrichment of the cancer cell state gene signatures (Fig. 6.2c, Supplementary Table 14).  

Next, to characterize the cancer cell state phenotypes, we performed pathway enrichment 

analysis for Hallmark gene sets, the pan-cancer ITH MPs, and PDAC-specific gene signatures 

(Fig. 6.2d, Supplementary Table 11). State 1 was enriched with PDAC basal-like gene signatures 

(“Bailey Squamous” and “Moffitt Basal”), the “MP13 EMT” signature, and TGFβ signalling. This 

state highly expressed the basal-like KRT17 (Fig. 6.2e)48. Conversely, state 2 was enriched with 

PDAC classical gene signatures and “MP38 Glutathione” gene signature. This state expressed 

high levels of trefoil-factor (TFF1, TFF2) and mucin (MUC5AC, MUC13, MUC17) genes, indicating 

a differentiated glandular phenotype (Fig. 6.2e). State 3 was enriched proliferation pathways 

including “MP1 Cell cycle G2/M”, “MP20 MYC”, and PI3K/AKT/mTOR signalling. Moreover, state 4 

represented a progenitor phenotype, as it was enriched for the “Neural-like progenitor” and 

“Acinar-like” gene signatures, and both “Interferon/MHC-II” MPs (MP17 and MP18). This state 

also distinctly expressed the OLFM4 intestinal progenitor marker (Fig. 6.2e)230. State 5 was 

enriched with “TNFα Signalling via NFκB”, “MP6 Hypoxia”, and “MP5 Stress” gene signatures. 
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Similar to state 3, state 6 cells were enriched with cell cycle gene signatures, primarily “MP2 Cell 

cycle G1/S”, and “MP4 Chromatin” gene signatures.  

We then correlated cancer cell state abundances with clinical features. Results show that both 

S3_Cycling_G2/M (P = 1.11x10-5) and S6_Cycling_G1/S (P = 1.55x10-7) cycling cell states were 

distinctly enriched in MT tissues (Fig. 6.2f). Conversely, the S4_Progenitor (P = 1.99x10-9) was the 

most enriched in PT tissues compared to MT, followed by the S2_Classical (P = 0.007), and 

S1_Basal to a lesser extent (P = 0.03). Furthermore, only the S4_Progenitor was significantly 

enriched following neo-CTx (P = 0.009), consistent with the enrichment of neural-like progenitor 

(NRP) malignant cells following chemotherapy and radiotherapy reported by Hwang et al61. 

Lastly, both cell cycle states (S3 and S6) significantly co-enriched together (R = 0.69, P = 1.28x10-

17) while the majority of other cell states were uniquely enriched (Fig. 6.2g).  
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Figure 6.2 Identification and characterization of PDAC cell states. (a) Optimal consensus cluster 

selection based on the average silhouette width (ASW), with K = 6 identified as the optimal clustering 

number. (b) Heatmap of the consensus matrix, showing the five distinct consensus clusters. (c) UMAP 

embeddings of tumour cells coloured by cell states. (d) Gene set enrichment analysis between CEs. 

Colour of dots represent the normalized enrichment score (NES) and the size represents the -log10 (p-
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value). Outlined dots represent significant differences (padj < 0.25). (e) Dot plot showing lineage specific 

markers across PDAC cell states. (f) Comparison of cell state frequency across tissue types and 

treatment conditions. Statistical significance was calculated using a two-sided Wilcoxon rank-sum test. 

*P<0.05, **P<0.01, ***P<0.001. (g) Pearson correlation heatmap of PDAC cell state abundances. 

Statistical significance was calculated using Pearson’s correlation. *P<0.05, **P<0.01, ***P<0.001. 

Given the strong link between cycling cell states and metastasis, we performed a multi-step 

differential expression analysis to identify candidate drivers of metastatic progression. We first 

identified 261 genes enriched in both cycling cell states (S3 and S6) relative to the other cell 

states, and also enriched in tumour cells compared with normal epithelial cells (Fig. 6.3a). Next, 

we filtered the 261 genes for those significantly associated with liver metastasis in both the 

Oxford-Kidani and the Link et al cohorts (Fig. 6.3a). This analysis yielded a 21-gene pre-

metastatic (PreMet) signature, comprising genes enriched in primary tumours from patients who 

developed liver metastases, and maintained within cycling cell states at liver metastases (Fig. 

6.3b). Among these genes, included high mobility group A1 (HMGA1) and glutathione peroxidase 

4 (GPX4), both involved with fatty acid metabolism, a key feature of both cycling cell states (Fig. 

6.2d). Additionally, the KRT7 was significantly associated with metastasis, consistent with 

reports in PDAC231. Notably, when compared against each of the 21 genes individually, the 

combined PreMet score demonstrated superior predictive power (AUC = 0.83) for distant 

metastasis, emphasizing the importance of multiplex biomarker testing (Fig. 6.2b-c). 

Furthermore, the PreMet score was significantly enriched in both PT (P = 3.0 x 10-7) and MT (P = 

4.3 x 10-9) tissue compared to NAT, while also significantly enriched in MT against PT tissue (P = 

4.4 x 10-6) (Fig. 6.3d). Higher CNV burden strongly correlated with the PreMet score (R = 0.43, P = 

1.3 x 10-6), suggesting that genomic alterations could be driving metastatic potential (Fig. 6.3e). 
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Lastly, the PreMet score was significantly associated with worse outcomes across PDAC 

datasets (Fig. 6.3f).  

 

Figure 6.3 Identification of a metastasis-associated gene signature (PreMet). (a) Venn diagram of 

upregulated genes in tumour vs normal and cycling cell states (S3 and S6) against rest (top) yielding 271 

genes. The 261 genes were further filtered for those significantly associated with distant metastasis in 

both the Oxford-Kidani and the Link et al cohorts (bottom). This yielded 21 metastasis-associated genes 

(PreMet). (b) Enrichment of PreMet gene levels and the average score in distant metastasis for both 
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Oxford-Kidani and Link et al cohorts. Statistical significance was calculated using a two-sided Wilcoxon 

rank-sum test. (c) ROC curve showing the predictive performance of the PreMet score in the Oxford-

Kidani cohort. (d) Comparison of the PreMet score level across tissue types. Statistical significance was 

calculated using a two-sided Wilcoxon rank-sum test. *P<0.05, **P<0.01, ***P<0.001. (e) Pearson 

correlation plot of the PreMet score and the average CNV score. (f) Kaplan-Meier OS curves for the PreMet 

score across bulk PDAC datasets. Statistical significance was determined using the two-sided log-rank 

test. 

6.4 Tumour cell heterogeneity and TME interactions  

Tumour cell heterogeneity forms distinct interactions with the TME, driving disease progression, 

therapeutic resistance, and patient outcomes224. Therefore, we investigated the co-enrichment 

of the identified malignant cell states with CE abundances and key cell states. Notably, results 

show that each CE consisted of at least one malignant cell state, underscoring the connection 

between tumour heterogeneity and TME ecosystems (Fig. 6.4a).  

The immunosuppressive/proliferative CE1 correlated with both proliferating cancer cell states 

(S3 and S6). This is consistent with cycling cells of several cell types forming “high-proliferation” 

niches224. Specifically, S3 malignant cells (G2/M) were correlated with the Mφ_c2_CCL18 

population, suggesting that this interaction may contribute to immunosuppression within this 

cellular niche. Therefore, to elucidate the underlying mechanisms, we investigated ligand-

receptor interactions, focusing on both outgoing signals from cancer cell states, and incoming 

signals directed towards them (Fig. 6.4b). Interestingly, we identified the APOA1-TREM2 

interaction originating from cycling cancer cells and targeting CE1 myeloid cells (CE1 Outgoing 

Interactions). APOA1 encodes apolipoprotein A1, a key regulator of cellular cholesterol 

homeostasis that modulates cholesterol transport, while TREM2 expression has been shown to 
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be expressed in lipid-associated macrophages (LAMs), which is linked to the 

immunosuppressive M2 phenotype, and poor patient outcomes232. In addition, we observed 

elevated NECTIN2-TIGIT, and PVR-TIGIT checkpoint signalling from cycling cancer cells to CE1 

CD4+ T and CD8+ T/NK cells, further underscoring immune evasive mechanisms within this CE, 

that are largely driven by metastatic cancer cells. On the other hand, we identified incoming 

SIRPA-CD47 signals originating from CE1 myeloid cells towards cycling cancer cells (CE1 

Incoming Interactions). This “don’t eat me” signal enables cancer cells to evade phagocytosis233. 

Furthermore, we identified various signals from pericytes towards cycling cancer cells, including 

THY1-ADGRES, JAG1-NOTCH3, and SEMA5A-PLXNA1. 

Furthermore, cells within the TLS-like CE2, including non-classical monocytes (Mon_c2_CD16) 

and cytotoxic CD8+ T cells (CD8T_c3_GZMH), correlated with the hypoxic cancer cell state (S5) 

(Fig. 6.4a). Outgoing signals from S5 cancer cells included HLA-A-CD8A/B and HLA-E-CD8A/B 

interactions with CD8+ T cells, suggesting enhanced antigen presentation and potential anti-

tumour cytotoxic activity (CE2 Outgoing Interactions) (Fig. 6.4c). These findings are consistent 

with elevated MHC-I antigen presentation in tumour cells under hypoxic conditions, leading to 

antigen-specific cytotoxic T cell killing234. Additionally, we identified elevated BMP2-BMPR2 

signalling towards endothelial cells, and this signalling axis has been reported to induce a 

proinflammatory endothelial phenotype235. Incoming signals included elevated IL33-IL1RAP 

from endothelial cells, and IL1B-IL1RAP from myeloid cells and stromal cells (CE2 Incoming 

Interactions), further highlighting the inflammatory phenotype of this CE. 

Furthermore, CE3 correlated strongly, with the aggressive basal-like cancer phenotype (S1), as 

well as the PreMet signature score, suggesting that this CE represents the ‘pre-metastatic niche’. 

This CE included both incoming and outgoing signals involved in ECM degradation, including 
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MMP2-MMP14, and PLAU-PLAUR (Fig. 6.4d). Additionally, we observed elevated CXCL14-CXCR4 

and MIF-CXCR4 signalling from basal-like cancer cells towards CE3 myeloid cells. We also 

identified increased SEMA3D-PLXNA1 originating from CE3 endothelial cells and directed 

towards basal-like cancer cells. This axis has previously been implicated in driving PDAC 

metastasis236, thus confirming the pro-metastatic phenotype of the EC_c2_CCL21 population. 

Furthermore, classical-like cancer cells correlated with CE4 TME cell states, including activated 

CD4+ T cells (CD4T_c1_ANXA1), and Mast_c2_LMNA cells (Fig. 6.4a). Most outgoing signals 

were directed towards CE4 endothelial cells, including JAG1-NOTCH3/4, and PDGFA-PDGFRB/A 

(CD4 Outgoing Interactions) (Fig. 6.4e). Notably, this CE displayed elevated AREG-ERBB2 

signalling originating from CE4 B/Plasma, CD8+ T/NK, and myeloid cells towards classical-like 

cancer cells. 

Lastly, the NAT-associated CE5 showed a strong correlation with progenitor cancer cells (S4), 

reflecting features of an early-stage tumour ecosystem (Fig. 6.4a). Progenitor cancer cells 

displayed enriched MHC-II-CD4 outgoing interactions towards DCs (Supplementary Fig. 6). 

Additionally, incoming communication from CE5 stromal cells included the FGF7-FGFR2 

signalling axis. 

Next, we calculated an average for each ligand-receptor signal and investigated their 

association with patient prognosis. Results show that the majority of signals associated with 

worse survival shared the ITGB1 receptor (Fig. 6.4c). ITGB1 overexpression has been shown to 

increase cancer cell adhesion to the extracellular matrix, and enhance invasiveness, thus 

facilitating tumour dissemination237. Conversely, elevated CXCL16-CXCR6 expression, which 

was specifically enriched in CE1, was associated with improved survival (Fig. 6.4c). This 

signalling axis has recently been reported to promote the survival of PD1+ TIM3+ terminally 
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dysfunctional CD8+ T cells, and CXCR6 deletion resulted in decreased tumour growth control238. 

Taken together, these findings highlight remarkable diversity of communication across cellular 

ecosystems, and suggest that malignant and TME cell states may coevolve during disease 

progression through coordinated bidirectional communications. 
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Figure 6.4 Malignant CE communication networks. (a) Network plot of five cellular communities, 

consisting of cancer cell states, CEs, and TME cell states. Nodes are coloured based on the feature or 
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cell type. Edge colour indicates the Pearson correlation coefficient. (b-e) Outgoing and incoming 

interactions between malignant cell states and TME cell types of the respective CE. The bar plot shows 

ligand-receptor pairs enriched in each CE, ranked by the -log10 (p-value), determined using a two-sided 

Wilcoxon rank-sum test. Dot plots show the enrichment of the receptor and ligand, for outgoing and 

incoming signals, respectively. Statistical significance was calculated using a two-sided Wilcoxon rank-

sum test. (f) Heatmap showing the association of the joint ligand-receptor expression scores with OS 

through multivariate Cox regression modelling. Bar plot on top represents the average the survival 

association for each ligand-receptor pair. 

6.5 Mutational characteristics of CEs 

Next, we characterized the genomic landscape of PDAC to identify genetic alterations 

associated with each individual CET. Notably, tumour cellularity was significantly higher in CET3 

compared to all other CETs (Fig. 6.5a). By adjusting for tumour purity, we investigated 

differences in broad genomic events across CETs. We observed a slightly higher TMB in CET1 

and CET4 tumours, however TMB was low overall, consistent with the low frequency of TMB-

high (TMB-H) tumours in PDAC35 (Fig. 6.5a-b). Furthermore, the MSI score was significantly lower 

in CET3 compared to other CETs (Fig. 6.5a). Additionally, the MSI score positively correlated with 

CE2 and CE5 levels (Fig. 6.5b). Conversely, CET3, followed by CET4 and CET1 displayed the 

highest aneuploidy scores (Fig. 6.5a-b). Despite these associations, this dataset did not include 

MSI or HRR deficiency annotations, limiting our ability to directly evaluate how these genomic 

features relate to CE abundance. 

Next, we investigated differences in somatic alterations of genes across CETs (Fig. 6.5c). 

Notably, CET3 displayed the highest mutation frequency of KRAS and RTK-RAS pathway 

alterations compared to other CETs (Fig. 6.5d-f). In contrast, CET2 and CET5 exhibited the 
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highest levels of KRAS wild-type tumours (Fig. 6.5e). This is in line with the enriched frequencies 

of MSI-H tumours in KRASWT tumours compared to KRASMUT tumours35. Similarly, CET3 displayed 

the highest TP53 mutation frequencies, while CET2 and CET5 displayed the highest TP53WT 

tumours (Fig. 6.5e-f). Notably, CET4 was characterized by a significantly elevated frequency of 

DNAH17 mutations, whereas CET1 showed increased mutations in PDZRN4, NCAM1, APBA2, 

TENM2, KIF26B, and IRX2, albeit at lower frequencies (Fig. 6.5d). 
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Figure 6.5 Mutational landscape characteristics of PDAC CETs. (a) Differences in tumour cellularity 

(%), TMB, MSI, and aneuploidy scores across CETs. The broad genomic alterations were adjusted by 

tumour purity. Statistical significance was determined using two-sided Wilcoxon rank-sum test. (b) 

Pearson correlation matrix of CE abundance and broad genomic alterations. (c) Oncoplot showing the 
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genetic alterations of the top 10 mutated genes across CETs in both TCGA and CPTAC cohorts. (d) 

Enrichment of mutational frequencies across CETs. Statistical significance was determined using the 

Fisher’s exact test. (e) Frequencies of KRAS and TP53 mutations across CETs. Statistical significance was 

determined using the two-sided Chi-squared test. (f) Mutational profiles of 10 canonical pathways for 

each CET. Frequencies of both mutation and affected samples in each canonical pathway are shown. 

6.6 CNA characteristics of CEs 

Moreover, we investigated broad and gene-specific CNAs across CEs to obtain functional 

insights of cancer cell state phenotypes. Consistent with its highest aneuploidy score, CET3 

displayed the highest frequency of copy number amplifications and deletions across CETs (Fig. 

6.6a). CET3 displayed significant deletions in chr18q, chr6q, chr12q, and chr17p, as well as 

amplifications in chr16, chr3q, chr12p, chr18q, and chr12p. Notably, CET5 displayed 

significantly elevated frequencies of chr5q amplifications, and this genomic alteration was 

associated with improved survival (Supplementary Fig. 7a). Furthermore, both CET2 and CET5 

displayed elevated chr17p amplifications, while CET2 also displayed distinct deletion in chr2p, 

which contains genes involved in MMR including, MSH2, MSH6, and EPCAM (Fig. 6.6a). 

Next, we explored gene-level copy number amplifications and deletions within the altered 

chromosomal regions. Focusing on oncogenes and tumour-suppressor genes curated from the 

OncoKB database127, we evaluated their association with CETs at both CNA and gene expression 

levels. For instance, KRAS amplification on chromosome 12p was enriched in CET3, with KRAS 

expression positively correlating with CE3 frequencies (Fig. 6.6c). In contrast, expression was 

negatively correlated with CE2 and CE5, which were predominantly comprised of KRASWT 

tumours (Fig. 6.5e). Furthermore, CET3 displayed amplifications of chr16p genes including, 

MAPK3, PALB2, and AXIN1. Additionally, the strongest amplification of genes was observed in 
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chr3q, which included RTK-RAS signalling genes such as PIK3CA/B and MAPK3K13, as well TP63, 

which is a master regulator of the squamous PDAC subtype239. Additionally, amplification of 

chr3q was associated with worse survival (Supplementary Fig. 7b). In contrast, CET2 was 

enriched in amplification of chr17p genes, that consisted of multiple TSGs such as MAP2K4, 

TP53, and GPS2. These genes positively correlated with CE2 frequencies while they negatively 

correlated with CE3 frequencies, in line with the deletion of chr17p in CET3 (Fig. 6.5b-c). 

Next, CET3 demonstrated significant deletions of chr18q genes, including BCL2, SMAD4, GATA6, 

and SETBP1, and these genes displayed a strong negative correlation with CE3 abundances (Fig. 

6.5e). Given that GATA6 is an established marker of the classical phenotype, deletions may in 

part, drive the phenotypic switch to the basal-like cell state. Similarly, CET3 displayed deletions 

in chr6q genes, including SESN1, REV3L, and ARID1B. Overall, these findings reveal a strong 

association between genomic instability and PDAC CEs, suggesting their potentially utility as 

surrogate biomarkers in liquid biopsy approaches for patient stratification. 
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Figure 6.6 CNA characteristics of CEs. (a) Chromosomal arm copy number amplifications and 

deletions across CEs. Statistical significance was determined using the Fisher’s exact test. (b) CE 

abundance and selected CNAs. Statistical significance was determined using a two-sided Wilcoxon 

rank-sum test. (c) Kaplan-Meier OS curves for the selected CNAs. Statistical significance was 
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determined using the two-sided log-rank test. (d-e) Gene-level copy number amplifications (d) and 

deletions (e) across CEs. Left dot plot shows the amplification (d) and deletion (e) rates of selected genes 

across CEs. Colour indicates the calculated odds ratio (OR) from Fisher’s exact test. Size of the dot 

represents the amplification (d) and deletion (e) frequency in each CE. Middle bar plot shows the 

correlation between the CNA levels and expression for each gene. Right dot plot shows the correlation 

between the expression of the selected gene and CE abundance. Dots are coloured based on positive 

correlations (Pearson’s R > 0.1 and p < 0.05), and negative correlations (Pearson’s R > 0.1 and p < 0.05). 

Size of the dot indicates the -log10 (p-value). 6.6 CNA characteristics of malignant cell states. 

6.7 CNA characteristics of tumour cell states 

Since multiple cellular ecosystems, such as CE1 and CE3, have been shown to co-exist in 

individual tumours, this may mask the association of specific genomic alterations with distinct 

CEs. Therefore, we also compared CNAs across tumour cell states to identify those more 

precisely associated with disease progression. By investigating broad genomic alterations, we 

could see that cycling cell states (S3 and S6) belonging to CE1, displayed higher CNAs compared 

to the basal-like cell state belonging to CE3 (Fig. 6.7a). Results show that the basal-like cell state 

displayed the strongest amplification of chr3q, while it also displayed amplification in chr16p 

and chr16q, consistent with CET3 amplifications (Fig. 6.6a). Genes belonging to these 

chromosomal locations, including PIK3CA, SOX2, BCL6, and TP63, were significantly amplified 

in this malignant phenotype (Fig. 6.6b).  Furthermore, both cycling cell states displayed enriched 

chr8q amplification, and deletions of chr17p. Specifically, the cycling cell states exhibited 

amplifications in chr8q genes, including NDRG1, UBR5, and MYC. Conversely, both the classical 

and progenitor cell states displayed enrichment of chr1q (Fig. 6.7a). This genomic alteration, 

was the most frequent (Supplementary Fig. 5c), suggesting that it represents an early event 

during disease progression that is maintained across cancer cells. Additionally, the classical cell 
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state displayed elevated GATA6 amplification, consistent with recent reports in classical PDAC 

subtype42. Furthermore, the cycling G2/M (S3) cell state displayed the strongest deletions of 

CDKN2A and TP53, suggesting that chr17p deletion is more frequent at later stages of tumour 

progression.  

Next, we investigated gene amplifications and deletions shared between the PreMet score and 

cycling cell states to identify key drivers of PDAC metastasis. Results show that only 

amplifications in MYC, and LPP were shared across three phenotypes, whereas no common 

deletions were found (Fig. 6.7d). This suggests that metastatic dissemination in PDAC is largely 

driven by amplifications rather than deletions. Furthermore, MYC and LPP copy number 

alterations showed a strong association with patient survival, with copy number gains and 

amplifications showing worse survival (Fig. 6.7e). 

In order to understand, how these cell states develop during disease progression, we performed 

distance-based phylogenetic tree analysis using the broad CNA alterations as input. Results 

show that the progenitor cell state with the lowest CNA burden (S5), was at the root of the 

phylogenetic tree, followed by the classical cancer cell state (S2), potentially by the acquisition 

of GATA6 amplification (Fig. 6.7f). Next, the hypoxic cell state (S5) formed a separate branch, 

while the basal-like cell state evolved towards the cycling cell states, possibly through 

amplification of both MYC, and LPP, as well as deletions of TSGs, including CDKN2A, and TP53.  

Given that MYC has been shown to regulate lipid metabolism by increasing APOA1 expression in 

prostate cancer240, and that APOA1-mediated communication with TREM2+ macrophages was 

specific to the cycling cancer cell states (Fig. 6.4b), we proposed a mechanistic link underlying 

the establishment of CE1 in metastatic tumours (Fig. 6.7g). Overall, these findings reveal that 

variation in malignant cell states is driven more by CNAs than by mutations, and that late-stage 
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amplifications of MYC and LPP may promote cancer cell metastasis through enhanced 

proliferation. 
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Figure 6.7 Genomic alterations of malignant cell states. (a) Chromosomal arm copy number 

amplifications and deletions across CEs. Statistical significance was determined using a two-sided 

Wilcoxon rank-sum test. (b) Heatmap of selected amplified genes across malignant cell states. (c) 

Heatmap of selected deleted genes across malignant cell states. (d) Venn diagram showing the shared 

amplified genes between the PreMet signature score and cycling cell states. (e) Kaplan-Meier OS curves 

for the selected CNAs. Statistical significance was determined using log-rank test. (f) Distance-based 

phylogenetic tree based on broad chromosomal alterations. (g) Schematic of malignant cell liver 

metastasis and establishment of CE1 through APOA1-TREM2 signalling axis. 

6.8 Conclusions and Discussion 

Tumour heterogeneity plays a central role in disease progression, treatment responses, as well 

as regulating the TME. However, the molecular mechanisms underlying the coordinated 

neoplastic and TME heterogeneity remain poorly understood. Our findings uncover distinct 

patterns of interactions between malignant cell states and the diverse cellular ecosystems of 

the TME, including specific immune and stromal cell populations.  

Moreover, our results extend previous efforts to elucidate the complex crosstalk between 

tumour cells and the microenvironment. For instance, similar to the identified CE3, Oh et al. 

revealed the co-enrichment of the basal-like cancer cells with SPP1+ TAMs and myCAFs, 

reflecting the ‘Moffitt Activated Stroma’241. However, due to their lower resolution analysis, key 

cell states driving tumour metastasis, such as hypoxic CAFs (Fib_c2_CXCL8), pro-tumourigenic 

neutrophils (Neut_c1_CCL3), and EC_c2_CCL21 were not characterized, thus limiting the 

identification of putative cell-cell interactions and potential therapeutic targets. Furthermore, 

our findings reveal the co-existence of proliferating malignant and immune cells forming the 

immunosuppressive CE1, a cellular ecosystem that remains poorly characterized in PDAC. 
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Various tumour-derived signals previously linked to cell proliferation, such as PPIA and MDK242 

243, may contribute to shaping the proliferative phenotype of CE1 cell states. Furthermore, given 

the strong association of CE1 with both chemotherapy resistance and ICB sensitivity, further 

investigation of this cellular ecosystem is of considerable clinical significance.  

The relationship between genomic alterations, such as mutations and CNAs, and the formation 

of cellular ecosystems remains poorly understood in PDAC. Although PDAC has been shown to 

present limited mutational heterogeneity, with recurrent mutations in KRAS, CDKN2A, TP53, and 

SMAD4, our results show enrichment of KRASWT, and TP53WT tumours in immune-reactive CE2 

and the normal stroma CE5. The enrichment of KRASWT has also recently been reported in 

immune-reactive/fibrotic (IE/F) PDAC tumours244. A possible explanation is that these subtypes, 

displayed the lowest tumour cellularity, possibly masking mutational calls. PDAC is 

characterized by a pronounced fibrotic stroma and low tumour cellularity, limiting our ability to 

comprehensively profile the genomic landscape of individual tumours245. Therefore, purifying 

tumour cells using techniques such patient-derived organoids (PDOs) or laser capture 

microdissection (LCM) could offer a promising approach to investigate the mutational 

landscape of PDAC tumours across CETs. 

Furthermore, by adjusting for tumour cellularity, we revealed that CE2 was significantly 

associated with a higher MSI score. Given that MSI-H tumours are predominantly enriched in 

KRASWT cases35, this suggests that a subset of CE2-enriched patient tumours may represent true 

MSI-H cases. Additionally, we observed elevated TMB levels, normalized for tumour purity, in 

CET1 and CET4 tumours. Although these subtypes did not correlate with MSI, these findings are 

consistent with recently reported TMB-H/MSS PDAC tumours246. 
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Genomic instability plays a significant role in tumour metastasis, and has been linked with 

transcriptomic subtypes in PDAC43. Consistent with previous reports, our results reveal mutant 

KRAS and GATA6 amplifications in basal-like, and classical subtypes, respectively42. 

Furthermore, KRAS amplification was strongly associated with the fibrotic/angiogenic CET3, 

suggesting a mechanistic link between this genomic alteration and the basal-like phenotype, 

and consequently establishing this cellular ecosystem. An in vitro study of pancreatic cancer 

cells has shown that KRAS upregulates the secretion of PAI-1 (encoded by SERPINE1) via ERK 

signalling, which in turn activates pancreatic stellate cells (PSCs), leading to increased tumour 

stiffness and poor prognosis247. Given that basal-like cancer cells distinctly express this 

cytokine, together with the CAF_c2_CXCL8 population in CET3, it may play a central role in 

establishing this CE downstream of KRAS amplification. 

Furthermore, our analysis showed that cycling cancer cells were more strongly associated with 

metastasis than the basal-like phenotype, and phylogenetic reconstruction indicated that they 

emerged after the basal-like state. This suggests that chromosomal alterations following mutant 

KRAS amplification are more strongly associated with metastatic spread. When compared with 

the PreMet score, results show that MYC and LPP amplifications are major determinants of 

metastasis in PDAC. Despite previous reports linking MYC amplification with metastatic burden 

in advanced PDAC, the association between LPP and PDAC metastasis remains largely 

unexplored248. LPP is a member of zyxin family of LIM proteins involved in mediating cellular 

responses to mechanical cues249, and it has been reported to enable cancer cells to metastasise 

through the promotion of invadopodia formation. Therefore, further investigation of LPP 

amplification in PDAC is warranted, as it could provide key insights into tumour recurrence and 

metastasis. 
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To sustain their growth and survival, proliferating cancer cells rewire their metabolism, and our 

findings reveal enhanced lipid metabolism in metastatic cycling cells. Supporting this, a recent 

study in advanced prostate cancer demonstrated that MYC amplification upregulates APOA1 

expression, linking cancer genetics to lipid metabolism and metastasis240. Similarly, we 

observed enriched APOA1-TREM2 communication in cycling cancer cell states with CE1 

macrophages, aligning with the reported positive correlation between APOA1 expression and M2 

macrophages across multiple cancer types250. Interestingly, a recent study in glioblastoma 

demonstrated that targeting ApoA1 significantly enhanced CD8+ T cell proliferation, but only in 

the presence of TAMs251. This finding suggests that ApoA1-induced metabolic reprogramming in 

TAMs promotes anti-tumour immune responses mediated by CD8+ T cells. In contrast, in an 

ovarian cancer mouse model, cancer-derived ApoA1 was shown to bind ABC trasporters, 

facilitating cholesterol efflux and reducing lipid rafts in macrophages, ultimately driving TAM 

polarization and immunosuppression252. These discrepancies may reflect differences in the 

TME, thus warranting further investigation in PDAC metastasis.  

Taken together, our findings reveal coordinated interactions between cancer cell states and 

cellular ecosystems, driven in part by underlying genomic alterations. Thus, beyond evaluating 

TME-derived cytokines as biomarkers for patient stratification, assessing genomic alterations, 

such as MYC or mutant KRAS amplifications could offer additional clinical value. Supporting this 

notion, a recent study identified an ecotype in sarcoma, analogous to CE1, that was resistant to 

chemotherapy yet exhibited superior responses to ICB and consisted of MYC amplified 

epithelial cells222. Collectively, applying this multilayered cancer and CE taxonomy could enable 

more accurate patient stratification for treatment selection, improve prediction of recurrence, 

and expand the pool of patients who may benefit from immunotherapy (Fig. 6.8). 
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Figure 6.8 Multilayered characterization of PDAC CEs. Schematic representation of PDAC multi-

cellular CEs. Top bar outlines TME characteristics, while middle bar outlines genomic alterations and 

malignant cell states specific to each CE. Final bar outlines the prognosis and treatment responses for 

each CE. 
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Chapter 7  

Summary and future work 

7.1 Overall summary 

By integrating publicly available single-cell and bulk RNA-seq, spatial transcriptomics, and in-

house proteomics datasets, this multi-omics approach enabled a comprehensive 

characterization of the PDAC cellular architecture across three key aspects: 

 The establishment of a high-resolution single-cell atlas of PDAC, providing a detailed 

taxonomy of tumour and TME cell states. 

 The identification of distinct multi-cellular ecosystems characterized by specific spatial 

organizations, intercellular communication networks, patient prognoses, and 

therapeutic responses. 

 The delineation of relationships between tumour cell heterogeneity, underlying genomic 

alterations, and the potential establishment of the identified CEs. 

7.2 Single-cell landscape of PDAC 

While previous studies have described the cellular landscape within PDAC, the limited number 

of samples and variations in experimental design limit their capacity to serve as a universal 

reference for this disease. Additionally, the quality of integrated data depends on the choice of 

data integration method, with tools such as Seurat’s RPCA98, and Harmony99 failing to separate 

clusters in atlas-level studies253. In this thesis, using the top-performing integration tool scANVI, 

we integrated all major scRNA-seq PDAC studies published until recently, consisting of various 



Chapter 7 – Summary and future work 

136 
 

tissue types, and treatment conditions. The 53 TME, along with 5 non-malignant epithelial, and 

6 tumour cell states, could represent consensus annotation of the cellular landscape of PDAC. 

Importantly, the large-scale atlas enabled the identification of previously uncharacterized cell 

types such as the CDH19+ fibroblast population (Fib_c4_CDH19), that represented a subset of 

both the iCAF and neurotropic cell states56 61.  Nevertheless, certain immune subsets such as γδ 

T cells and CD8+ Tregs were not identified as separate clusters, highlighting the limitation of the 

single-cell atlas for characterizing rare immune cell subsets. Additionally, only Zhang et al. 

included matched primary tumours and liver metastases, limiting our ability to perform paired 

tracking of the TME cell states across tissue types. However, mapping additional datasets to the 

atlas using tools such as scArches168, could facilitate the identification of additional subsets and 

improve cross-tissue comparisons.  

By harmonizing clinical information, we were able to perform association analysis of cell state 

abundances with covariates such as tissue types, neo-CTx treatment, age, gender, and 

histological grade. Consistent with previous reports143, our findings indicate that the metastatic 

tissue-enriched Mφ_c2_CCL18 population plays a central role in mediating 

immunosuppression in PDAC, characterized by the high expression of Treg recruitment 

chemokines (CCL18 and CCL20), and multiple checkpoint molecules, including LGALS9 

(encoding Galectin-9), SIRPA, and LAIR1. Interestingly, this population exhibited similar 

signatures, including ‘phagocytosis’, and the ‘M2 signature’ with the Mφ_c3_SLC40A1. However, 

only the Mφ_c2_CCL18 cell state was enriched in metastatic tissue and showed distinct 

upregulation of the ‘lipid metabolism’ and ‘checkpoint ligands’ signatures. These results 

highlight the complexity of macrophage heterogeneity, and suggest that metabolic 

reprogramming within distinct TMEs, such as enhanced lipid metabolism, may promote 

immunosuppressive mechanisms that facilitate cancer progression. Additionally, these 
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populations displayed opposing responses to neo-CTx, with the metabolically active 

Mφ_c2_CCL18 decreasing after neo-CTx, whereas the Mφ_c3_SLC40A1 was enriched. 

However, the mechanisms underlying these differences remain poorly understood and require 

further investigation. The depletion of Mφ_c2_CCL18 population following neo-CTx was 

consistent with observations in responding CRC patients, whereas those with progressive 

disease exhibited enrichment of this population after treatment254.  One possible explanation is 

that residual cancer cells following neo-CTx may metabolically reprogram the enriched 

Mφ_c3_SLC40A1 population into Mφ_c2_CCL18 cells, thereby enhancing immunosuppression 

and promoting metastasis. 

Furthermore, the single-cell atlas enabled the assessment of cell-cell communication 

dynamics across tissue types (PT vs MT), and treatment conditions (treatment-naïve vs neo-CTx 

treated). By treating individual studies as independent variables, we identified robust 

communication networks consistently observed across datasets, providing reliable signals that 

can be further validated experimentally. Taken together, this single-cell atlas may serve as a 

valuable resource for the pancreatic cancer scientific community and may help accelerate 

future discoveries. Ongoing efforts aim to incorporate additional datasets to capture a broader 

spectrum of cell states and further enhance the quality of the atlas as a comprehensive 

reference. This atlas is publicly available as a resource for the scientific community 

(https://trainingidn.shinyapps.io/demetriou_pdac_atlas_shinyApp/). 

7.3 PDAC CEs and their clinical significance 

In this thesis, we leveraged the single-cell atlas comprising a large number of patient samples 

and applied a multimodal approach to identify robust cellular communities present in PDAC 

across diverse clinical conditions. Importantly, this analysis was based on absolute cell 

https://trainingidn.shinyapps.io/demetriou_pdac_atlas_shinyApp/
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frequencies, thereby overcoming the limitations associated with deconvolution methods 

applied in bulk datasets, such as the inability to resolve transcriptionally similar cell states255. 

Furthermore, we validated the colocalization and aggregation of cell states within CEs using 

spatial transcriptomics, as well as the overlap with independent morphological-based 

clustering using stLearn110. Although no statistically significant concordance was derived 

between the CE and Morph clusters, further analysis incorporating additional ST datasets, such 

as the recently published study including normal pancreas, primary tumours, and liver 

metastases256, would be valuable to strengthen these observations.  

Additionally, the co-existence of CEs in individual tumours aligns with the “reactive” and 

“deserted” subTMEs previously reported in PDAC64. Specifically, the deserted subTMEs shared 

features with the normal stroma CE5, lacking activated fibroblasts and tumour suppressive 

features, whereas the reactive subTME resembled multiple CEs, including the fibrotic CE3 and 

the immune-enriched CE1 and CE2. Notably, the identified CEs were distinct from previously 

reported TME-based subtypes, therefore, our approach captures a broader spectrum of cellular 

communities and provides new insights into TME heterogeneity of PDAC.  

Furthermore, we developed a new deconvolution tool capable of accurately investigating the 

associations of cell state and CE abundances with patient prognosis and treatment response 

from bulk transcriptomic data. Both CTcaller and CScaller tools outperformed existing 

deconvolution methods, including CIBERSORTx, InstaPrism, MuSiC, and BisqueRNA. However, 

additional benchmarking across independent datasets will be necessary to further validate the 

accuracy of our approach. Both individual cell states and CEs associated with patient outcomes 

across independent datasets, validating the importance of the TME in tumour progression and 

response to therapies. Specifically, we identified a strong inverse association between the 
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complement-enriched Fib_c3_C7 and the hypoxic Fib_c2_CXCL8 populations with patient 

survival, suggesting that these CAF states may serve as prognostic biomarkers. Additionally, the 

myCAF-like Fib_c1_MMP11 population was also associated with worse outcomes. However, a 

previous mouse model study depleting α-SMA+ CAFs resulted in enhanced PDAC progression, 

reduced survival and immunosuppression257, suggesting that myofibroblasts are tumour-

restraining. Our findings show that α-SMA (encoded by ACTA2) was highly expressed in SMCs, 

belonging to CE5 and associated with improved outcomes. Thus, more accurate markers are 

needed to distinguish CAF populations to enable patient stratification. 

Furthermore, our findings reveal variable associations of CEs with systemic chemotherapy 

dynamics and responses. For instance, CE1 which includes multiple proliferating cell types was 

significantly depleted following FFX neo-CTx in both the single-cell atlas and a bulk validation 

dataset, indicating sensitivity to this treatment regime. In contrast, CE1 displayed opposite 

response to GemCap adjuvant chemotherapy, with this resistance largely driven by the 

proliferating macrophages (Mφ_c5_STMN1), potentially through increased deoxycytidine (dC) 

production, thus reducing gemcitabine uptake. These findings underscore the clinical utility of 

CE1 as a dynamic biomarker for predicting chemotherapy response.  For instance, patients who 

relapse following FOLFIRINOX, due to the re-establishment of a pre-existing CE1 or a de novo 

CE1 development, are unlikely to benefit from second-line gemcitabine-based therapy. To 

further support this, multiple studies have reported improved survival outcomes with neo-

adjuvant FFX compared to neo-adjuvant gemcitabine-based chemotherapy in metastatic PDAC, 

but not in resectable or borderline resectable PDAC258 259. Given that CE1 is more enriched in 

metastatic tumours compared to resectable PDAC, where it accounts for only 18.9%, this could 

partly explain the superior efficacy of FFX over gemcitabine in the metastatic setting. 

Conversely, patients with CE5-enriched tumours exhibited greater sensitivity to gemcitabine-
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based chemotherapy, further emphasizing the importance of stratifying patients based on their 

CE profiles to maximize therapeutic efficacy and reduce treatment-related toxicity. 

PDAC patients are largely refractory to ICB treatment, and there is an urgent need to identify 

more accurate biomarkers for selecting patients that would benefit to immunotherapy. The 

presence of TLSs has been shown to act as a predictive biomarker for immunotherapy 

effectiveness across cancer types260. For instance, a retrospective study in PDAC has shown that 

mature TLSs predicted favourable response to anti-PD-L1, independent of PD-L1 expression 

status and CD8+ T cell density261. However, contradictory findings have reported that low TLS 

scores were associated with better responses to both monotherapy and combination ICB 

regimens262. This discrepancy could be explained by the observed functional heterogeneity of 

TLSs, as immature TLSs (imTLSs) have been associated with reduced presence of DCs, and 

enrichment of exhausted T cells, underlying an immunosuppressive TME263. Conversely, mature 

TLSs contain Tfh cells, and high endothelial venules (HEVs), features associated with enhanced 

anti-tumour immunity and improved ICB responses. In this thesis, CE1 abundance 

outperformed other biomarkers, including TLS levels, for predicting ICB response across 

multiple cohorts. These findings were particularly intriguing, as CE1 did not exhibit the canonical 

immune-hot phenotype. Instead, CE1 was characterized by immunosuppressive cell states, 

including the Mφ_c2_CCL18 population, Tregs (CD4T_c4_FOXP3), exhausted CD8+ T cells 

(CD8T_c2_CTLA4), as well as proliferating macrophages and T/NK cells. Similarly, a pan-cancer 

study revealed an IFNγ-associated cellular ecosystem, composed of APOE+ macrophages and 

Tregs, which exhibited superior response to ICB264. However, other studies have reported that 

TREM2+ TAMs are associated with worse immunotherapy outcomes across cancer types265 266. 

This discrepancy could be explained by the phenotypic similarity of Mφ_c2_CCL18 with both 
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Mφ_c3_SLC40A1 and Mφ_c4_VEGFA subsets, the latter of which we found to be strongly 

associated with reduced ICB efficacy.  

Furthermore, our findings suggest that the proliferating CD8+ T and NK cells of this CE were the 

key drivers for ICB response. The cycling CD8T_c6_STMN1 cell state expressed both activation 

(GZMH) and exhaustion (LAG3) markers, consistent with the enriched dysfunctional signature 

and tumour reactivity of proliferating CD8+ T cells267. Additionally, proliferating exhausted CD8+ 

T cells (P-Tex) were recently reported in antigen-presenting cell (APC) niches in HNSCC, and 

provided persistent anti-tumour effects268. Although DCs were not assigned to CE1, we found a 

positive correlation of the DC_c2_CLEC10A population with the cycling CD8T_c6_STMN1 cell 

state, indicating enhanced antigen presentation in this CE. Further investigation of the 

molecular mechanisms underlying this proliferating phenotype, as well as its spatial 

colocalization with APCs such as DCs, is warranted. 

In line with recent findings, we observed enrichment of effector T cells and a reduction in 

immunosuppressive signalling following neo-adjuvant FFX chemotherapy, which was 

associated with prolonged patient survival in PDAC. However, FFX treatment also significantly 

depleted the cycling CD8+ T and NK cell populations, suggesting that FFX may dampen rather 

than enhance the efficacy of ICB when given in combination or as subsequent treatment. Taken 

together, these findings confirm the clinical relevance of the identified CEs, and indicate CE1 as 

a key biomarker associated with chemotherapy resistance yet enhanced sensitivity to ICB.  

7.4 Tumour cell heterogeneity and PDAC CEs 

Our findings reveal distinct communications between tumour cell states and TME cells, further 

validating that these compartments coevolve during PDAC progression. These results are 

consistent with previous reports linking the aggressive basal-like phenotype with SPP1+ 
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macrophages and myCAFs241 269. However, our analysis further refines the landscape of cancer-

TME interactions, identifying key communication signals, such as the pro-fibrotic SERPINE1 in 

basal-like cancer cells (S1) contributing in part to the establishment CE3, whereas the TNFα via 

NFκB/hypoxic cell state (S5) exhibited genes associated with antigen presentation (including 

HLA-A and HLA-E) in the inflammatory CE2. Moreover, the metastatic cycling cells (S3 and S6) 

expressed high levels of immune checkpoint molecules, including NECTIN2, PVR, and CD47, 

thus promoting the immunosuppressive CE1.  

High CNA burden has been linked to aggressive phenotypes and worse survival in resectable and 

metastatic PDAC270. Our results link somatic CNAs of oncogenes and TSGs with tumour cell 

heterogeneity, leading in part, to the subsequent establishment of certain CEs. For instance, we 

identified unique chromosomal arm alterations in CET2 tumours, including amplification of 17p, 

which was associated with improved patient survival. Notably, although TP53, located in 

chromosome 17p, showed higher amplification rates in CET2, this subtype exhibited higher 

proportions TP53WT cases. This suggests enhanced TP53 activity within CET2 tumours and 

points to a potential immunomodulatory role. This is consistent with the immunogenic 

consensus subtype (CMS1) of CRC, which exhibits the highest TP53WT cases and comprises the 

majority of MSI tumours271. Interestingly, this study revealed that within CMS1 tumours, TP53MUT 

exhibited significantly fewer cytotoxic CD8+ T cells than TP53WT, but this was not seen other CMS 

groups. Furthermore, TP53 expression has been shown to be upregulated following interferon 

signalling, which can be triggered by both oncogenic stress and viral infection272 273. Therefore, 

these findings suggest that TP53 mutation status may play a critical role in maintaining effective 

anti-tumour immunity particularly in CE2 tumours, and could serve as a potential biomarker for 

identifying CE2 tumours in PDAC. Further analysis comparing TP53MUT and TP53WT subgroups 

within CE2 may reveal clinically meaningful findings. 
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Furthermore, our analyses link MYC amplifications, distinctly enriched in proliferating tumour 

cells, with the immunosuppressive/proliferating CE1. These findings suggest that these MYC-

activated tumour cells may induce the proliferation of other cell types in their local TME through 

specific intercellular interactions. One possible key interaction is APOA1-TREM2, as APOA1 

expression has been reported to be upregulated by MYC activation240, while TREM2 signalling in 

macrophages is known to enhance their proliferation and survival274. Additionally, MYC has been 

shown to directly upregulate expression of the checkpoint molecules CD47, a critical “don’t eat 

me” ligand, as well as PD-L1275. Beyond mediating phagocytosis evasion through the CD47-

SIRPA axis, our results reveal an additional interaction between proliferating tumour cells and 

CE1 lymphocytes (CD4+ T, CD8+T, and NK cells) through CD47-SIRPG, and this interaction has 

been shown to drive antigen-specific T cell proliferation276 277. Therefore, these observations 

suggest that targeting SIRPA, rather than CD47, could inhibit tumour cell protection from 

phagocytosis while preserving CD8+ T cell proliferation mediated by CD47-SIRPG. Moreover, 

combining SIRPA blockage with therapies such as anti-TREM2 or anti-PD-L1 could further 

enhance immunotherapy efficacy in CE1-enriched tumours. Future mechanistic experiments in 

PDAC preclinical models are warranted to validate these intercellular interactions and inform 

the design of prospective combination therapies. 
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Study Source 
Sequencing 
Technology Individuals Tissue type Neo-CTx 

Steele et al68  GSE155698 10x v3 19 
16 PTs, 3 

NATs N/A 

Zhang et al86 GSE197177 10x v2 4 
3 PTs, 1 

NATs, 4 MTs N/A 

Werba et al87 GSE205013 10x v3 27 
17 PTs, 10 

MTs 
1 CRT, 4 FFX, 
2 Comb, 1 GP 

Zhou et al88 phs002371.v1.p1 10x v3 17 17 PTs 
1 CRT, 5 FFX, 
1 Comb, 3 GP 

Lin et al89 GSE154778 10x v2 16 10 PTs, 6 MTs N/A 

Moncada et 

al90 GSE111672 InDrop 2 2 PTs N/A 

Oh et al91 GSE231535 10x v3 2 2 PTs N/A 

Peng et al92 GSA: CRA001160 10x v2 35 
24 PTs, 11 

NATs N/A 

Xue et al93 GSE202742 BD Rhapsody 4 4 PTs N/A 

Supplementary Table 1 Single-cell atlas study summary. Study summary showing the number 

of individuals and samples from different tissue types and neo-CTx. Tissue type numbers are 

higher than individuals as certain individuals had more than one sample. CRT: Chemo-

Radiotherapy; FFX: FOLFIRINOX; GP: Gemcitabine Nab-Paclitaxel; Comb: FOLFIRINOX and 

Gemcitabine Nab-Paclitaxel 
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

CD4T_c1_ANXA1 KLRB1 1.21 3.17E-171 0.614 0.35 

CD4T_c1_ANXA1 ANXA1 1.18 5.01E-204 0.786 0.512 

CD4T_c1_ANXA1 IL7R 1.16 0 0.924 0.765 

CD4T_c1_ANXA1 RORA 0.64 4.25E-46 0.558 0.446 

CD4T_c1_ANXA1 MYADM 0.58 5.44E-34 0.541 0.432 

CD4T_c2_CCR7 CCR7 1.95 0 0.618 0.191 

CD4T_c2_CCR7 SELL 1.79 8.19E-255 0.517 0.173 

CD4T_c2_CCR7 TCF7 1.41 8.22E-253 0.602 0.262 

CD4T_c2_CCR7 KLF2 1.19 0 0.814 0.47 

CD4T_c2_CCR7 AREG 0.93 8.70E-66 0.386 0.226 

CD4T_c3_CXCL13 CXCL13 5.25 0 0.516 0.028 

CD4T_c3_CXCL13 TOX2 3.26 7.75E-248 0.383 0.051 

CD4T_c3_CXCL13 TOX 2.14 6.10E-201 0.464 0.107 

CD4T_c3_CXCL13 PDCD1 1.76 3.06E-118 0.381 0.112 

CD4T_c3_CXCL13 TIGIT 1.57 9.54E-202 0.711 0.264 

CD4T_c4_FOXP3 FOXP3 5.26 0 0.502 0.021 

CD4T_c4_FOXP3 IL2RA 4.44 0 0.508 0.054 

CD4T_c4_FOXP3 TNFRSF4 3.97 0 0.604 0.124 

CD4T_c4_FOXP3 TNFRSF9 3.57 0 0.391 0.037 

CD4T_c4_FOXP3 CTLA4 3.10 0 0.754 0.168 

CD4T_c5_GZMK GZMK 3.46 0 0.88 0.174 

CD4T_c5_GZMK CCL4 3.12 0 0.739 0.171 

CD4T_c5_GZMK CST7 2.16 0 0.787 0.305 

CD4T_c5_GZMK CCL5 2.01 0 0.93 0.387 

CD4T_c5_GZMK NKG7 1.92 0 0.619 0.137 

CD4T_c6_ISG15 GZMB 4.40 0 0.581 0.062 

CD4T_c6_ISG15 CXCL13 3.35 4.92E-160 0.299 0.036 

CD4T_c6_ISG15 IFI44L 3.20 9.69E-183 0.425 0.08 

CD4T_c6_ISG15 IFI6 2.63 1.77E-172 0.6 0.2 

CD4T_c6_ISG15 ISG15 2.36 3.55E-134 0.698 0.325 

CD4T_c7_NKG7 NKG7 3.92 0 0.833 0.163 

CD4T_c7_NKG7 GZMH 3.60 0 0.461 0.072 

CD4T_c7_NKG7 GZMB 3.44 0 0.422 0.052 

CD4T_c7_NKG7 CCL5 2.30 0 0.965 0.428 

CD4T_c7_NKG7 GZMA 2.15 0 0.829 0.321 

 

 

 

      Supplementary Table 2 Top 5 differentially expressed genes across CD4+ T cell states.  
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

CD8T_c1_CCR7 CCR7 3.24 0 0.578 0.08 

CD8T_c1_CCR7 SELL 2.91 0 0.643 0.094 

CD8T_c1_CCR7 TCF7 1.98 1.38E-216 0.7 0.218 

CD8T_c1_CCR7 KLF2 1.33 1.92E-160 0.871 0.443 

CD8T_c1_CCR7 IL7R 1.16 2.11E-175 0.97 0.463 

CD8T_c2_CTLA4 CXCL13 4.58 0 0.378 0.024 

CD8T_c2_CTLA4 CTLA4 4.13 0 0.641 0.055 

CD8T_c2_CTLA4 IL2RA 3.97 1.26E-160 0.218 0.02 

CD8T_c2_CTLA4 TNFRSF4 3.16 2.44E-100 0.203 0.041 

CD8T_c2_CTLA4 TNFRSF9 2.54 2.07E-182 0.336 0.057 

CD8T_c3_GZMH GZMH 1.46 3.55E-240 0.649 0.379 

CD8T_c3_GZMH GZMK 1.38 0 0.774 0.414 

CD8T_c3_GZMH CST7 0.72 1.29E-205 0.895 0.732 

CD8T_c3_GZMH CCL5 0.47 4.62E-141 0.994 0.905 

CD8T_c3_GZMH TIGIT 0.30 1 0.313 0.302 

CD8T_c4_GZMK GZMK 1.82 0 0.955 0.393 

CD8T_c4_GZMK MYADM 0.91 1.54E-152 0.696 0.467 

CD8T_c4_GZMK TCF7 0.71 4.57E-44 0.332 0.215 

CD8T_c4_GZMK KLF2 0.63 1.63E-108 0.658 0.42 

CD8T_c4_GZMK IL7R 0.51 5.06E-111 0.695 0.439 

CD8T_c5_KLRC1 IL7R 1.76 0 0.834 0.372 

CD8T_c5_KLRC1 ANXA1 0.72 4.77E-133 0.875 0.663 

CD8T_c5_KLRC1 RORA 0.52 1.23E-52 0.512 0.356 

CD8T_c5_KLRC1 MYADM 0.51 6.34E-35 0.592 0.474 

CD8T_c6_STMN1 CXCL13 3.17 5.40E-165 0.313 0.038 

CD8T_c6_STMN1 CTLA4 1.75 9.69E-89 0.341 0.084 

CD8T_c6_STMN1 IFI6 1.71 4.49E-101 0.618 0.231 

CD8T_c6_STMN1 PDCD1 1.11 1.48E-49 0.305 0.096 

CD8T_c6_STMN1 IFI44L 1.09 6.70E-27 0.218 0.08 

 

 

 

 

 

 

 

   Supplementary Table 3 Top 5 differentially expressed genes across CD8+ T cell states. 
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

NK_c1_ISG15 GZMA 2.15 7.13E-97 0.893 0.789 

NK_c1_ISG15 IFI44L 2.03 5.07E-75 0.273 0.077 

NK_c1_ISG15 IFI6 2.02 4.31E-130 0.605 0.228 

NK_c1_ISG15 ISG15 1.70 5.98E-84 0.7 0.361 

NK_c1_ISG15 AREG 1.27 2.16E-77 0.66 0.378 

NK_c2_PRF1 GZMB 1.96 0 0.799 0.398 

NK_c2_PRF1 NKG7 1.80 0 1 0.851 

NK_c2_PRF1 CST7 1.25 0 0.875 0.742 

NK_c2_PRF1 KLRB1 1.23 0 0.786 0.411 

NK_c2_PRF1 KLF2 0.97 2.54E-151 0.655 0.423 

NK_c3_STMN1 GZMA 0.99 1.01E-32 0.859 0.791 

NK_c3_STMN1 IFI6 0.74 6.94E-26 0.466 0.235 

NK_c3_STMN1 TOX 0.73 2.38E-25 0.357 0.157 

NK_c3_STMN1 AREG 0.56 3.49E-05 0.501 0.384 

NK_c3_STMN1 ISG15 0.32 1.40E-05 0.534 0.369 

NK_c4_XCL1 AREG 2.49 0 0.734 0.338 

NK_c4_XCL1 KLRB1 1.47 0 0.845 0.411 

NK_c4_XCL1 CCL4 0.74 4.01E-37 0.819 0.772 

NK_c4_XCL1 NKG7 0.48 1.03E-167 1 0.855 

NK_c4_XCL1 MYADM 0.32 3.37E-16 0.55 0.495 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

    Supplementary Table 4 Top 5 differentially expressed genes across NK cell states.  
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

B_c1_TNF TNF 1.48 1.26E-51 0.274 0.152 

B_c1_TNF ID3 1.39 8.11E-95 0.512 0.341 

B_c1_TNF TUBA1A 0.93 1.83E-103 0.573 0.398 

B_c1_TNF DDIT4 0.74 3.51E-31 0.53 0.462 

B_c1_TNF INTS6 0.70 1.96E-42 0.554 0.466 

B_c1_TNF FCER2 0.54 1.22E-11 0.246 0.186 

B_c2_NR4A3 NR4A2 1.19 7.11E-269 0.8 0.522 

B_c2_NR4A3 SLC2A3 1.10 1.23E-134 0.594 0.378 

B_c2_NR4A3 CREM 1.06 2.85E-158 0.648 0.421 

B_c2_NR4A3 ZNF331 1.01 2.13E-131 0.638 0.423 

B_c2_NR4A3 CD69 0.93 3.00E-121 0.688 0.492 

B_c3_TCL1A TCL1A 1.76 3.92E-121 0.422 0.193 

B_c3_TCL1A UCP2 1.61 1.98E-134 0.509 0.256 

B_c3_TCL1A ARPC1B 1.49 4.23E-202 0.699 0.406 

B_c3_TCL1A LIMD2 1.30 7.94E-167 0.708 0.438 

B_c3_TCL1A HLA-DMB 1.25 4.80E-137 0.635 0.371 

Plasma_c1_HSP IGHA1 3.51 2.14E-188 0.621 0.305 

Plasma_c1_HSP JCHAIN 2.78 0 0.816 0.289 

Plasma_c1_HSP IGLC2 2.66 2.21E-39 0.543 0.357 

Plasma_c1_HSP ERLEC1 1.62 2.47E-271 0.585 0.173 

Plasma_c1_HSP SSR3 1.40 3.59E-255 0.665 0.274 

Plasma_c2_TNFRSF17 JCHAIN 3.04 4.21E-287 0.938 0.35 

Plasma_c2_TNFRSF17 IGLC2 2.50 4.15E-11 0.511 0.382 

Plasma_c2_TNFRSF17 TNFRSF17 2.34 5.99E-81 0.388 0.129 

Plasma_c2_TNFRSF17 IGHA1 2.23 4.56E-48 0.575 0.347 

Plasma_c2_TNFRSF17 ERLEC1 1.60 1.43E-56 0.502 0.227 

Plasmablast RRM2 8.13 0 0.641 0.003 

Plasmablast MKI67 7.87 0 0.804 0.007 

Plasmablast CDK1 7.79 0 0.632 0.005 

Plasmablast TUBB 4.28 0 0.926 0.245 

Plasmablast TCL1A 2.30 8.13E-196 0.708 0.207 

 

 

 

 

 

 

 

Supplementary Table 5 Top 5 differentially expressed genes across B and plasma cell states. 
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

Mon_c1_CD14 FCN1 2.63 0E+00 0.68 0.199 

Mon_c1_CD14 CD36 2.43 1E-98 0.377 0.194 

Mon_c1_CD14 S100A12 2.16 3E-208 0.438 0.125 

Mon_c1_CD14 S100A9 1.98 0E+00 0.923 0.584 

Mon_c1_CD14 VCAN 1.93 3E-278 0.678 0.321 

Mon_c2_CD16 CDKN1C 4.78 0E+00 0.808 0.109 

Mon_c2_CD16 ZNF703 3.87 1E-299 0.532 0.069 

Mon_c2_CD16 TCF7L2 3.74 0E+00 0.823 0.139 

Mon_c2_CD16 FCN1 1.99 0E+00 0.872 0.207 

Mon_c2_CD16 FGL2 1.50 1E-194 0.901 0.464 

Mφ_c1_IL1B FCN1 3.68 0E+00 0.944 0.16 

Mφ_c1_IL1B VCAN 3.21 0E+00 0.954 0.286 

Mφ_c1_IL1B CD36 2.65 0E+00 0.701 0.162 

Mφ_c1_IL1B S100A12 2.59 0E+00 0.746 0.089 

Mφ_c1_IL1B S100A9 2.39 0E+00 0.992 0.566 

Mφ_c2_CCL18 CCL18 3.14 0E+00 0.485 0.084 

Mφ_c2_CCL18 GCHFR 2.58 0E+00 0.678 0.215 

Mφ_c2_CCL18 APOE 2.57 0E+00 0.954 0.387 

Mφ_c2_CCL18 MARCO 2.53 0E+00 0.536 0.151 

Mφ_c2_CCL18 IFI6 2.01 0E+00 0.805 0.373 

Mφ_c3_SLC40A1 SLC40A1 3.04 1.4e-318 0.451 0.116 

Mφ_c3_SLC40A1 GPR34 2.56 0E+00 0.558 0.168 

Mφ_c3_SLC40A1 C1QC 2.30 0E+00 0.847 0.287 

Mφ_c3_SLC40A1 SLCO2B1 2.23 0E+00 0.603 0.217 

Mφ_c3_SLC40A1 HLA-DRB5 1.52 9E-192 0.603 0.347 

Mφ_c4_VEGFA SPP1 2.52 0E+00 0.822 0.385 

Mφ_c4_VEGFA FN1 2.09 1E-260 0.528 0.218 

Mφ_c4_VEGFA NDRG1 1.96 8E-250 0.522 0.225 

Mφ_c4_VEGFA MARCO 1.76 0E+00 0.506 0.139 

Mφ_c4_VEGFA VCAN 1.45 0E+00 0.702 0.262 

Mφ_c5_STMN1 TOP2A 6.90 0E+00 0.613 0.012 

Mφ_c5_STMN1 MKI67 6.82 0E+00 0.636 0.011 

Mφ_c5_STMN1 TYMS 6.47 0E+00 0.645 0.016 

Mφ_c5_STMN1 MZT2A 1.86 5E-270 0.64 0.243 

Mφ_c5_STMN1 CD1C 1.72 1E-79 0.219 0.064 

 

 

 

 

 

 

Supplementary Table 6 Top 5 differentially expressed genes across monocyte and 
macrophage cell states.  
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

DC_c1_CLEC9A CLEC9A 6.84 1E-216 0.256 0.007 

DC_c1_CLEC9A CD1C 3.23 6E-187 0.463 0.065 

DC_c1_CLEC9A FCER1A 2.77 1E-117 0.48 0.12 

DC_c1_CLEC9A PPA1 2.30 1E-165 0.821 0.331 

DC_c1_CLEC9A CPVL 1.81 1E-37 0.648 0.405 

DC_c2_CLEC10A CD1C 5.06 0E+00 0.536 0.029 

DC_c2_CLEC10A FCER1A 4.09 0E+00 0.592 0.083 

DC_c2_CLEC10A CLEC10A 4.00 0E+00 0.62 0.088 

DC_c2_CLEC10A PPA1 2.53 0E+00 0.71 0.303 

DC_c2_CLEC10A HLA-DRB5 1.27 2E-159 0.618 0.382 

DC_c3_LILRA4 SCT 10.24 0E+00 0.594 0.001 

DC_c3_LILRA4 GZMB 9.82 0E+00 0.901 0.014 

DC_c3_LILRA4 LRRC26 9.77 0E+00 0.579 0.001 

DC_c3_LILRA4 LILRA4 8.16 0E+00 0.699 0.01 

DC_c3_LILRA4 CD36 0.67 1E-23 0.415 0.198 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1.7 Dendritic cell state markers.  Supplementary Table 7 Top 5 differentially expressed genes across dendritic 
cell states.  
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

Mast_c1_CD52 CLU 4.11 0E+00 0.988 0.123 

Mast_c1_CD52 RHEX 3.06 0E+00 0.518 0.058 

Mast_c1_CD52 CSF1 1.61 6E-199 0.386 0.109 

Mast_c1_CD52 FCER1A 1.05 2E-288 0.473 0.104 

Mast_c1_CD52 CDKN1C 0.75 9E-46 0.224 0.111 

Mast_c2_LMNA RHEX 4.58 0E+00 0.646 0.031 

Mast_c2_LMNA CLU 3.15 0E+00 0.831 0.107 

Mast_c2_LMNA CSF1 3.14 0E+00 0.422 0.096 

Mast_c2_LMNA FCER1A 0.51 4E-92 0.284 0.108 

Mast_c2_LMNA VEGFA 0.47 5E-24 0.438 0.364 

Neut_c1_CCL3 C15orf48 3.77 0E+00 0.738 0.389 

Neut_c1_CCL3 CXCL8 3.37 2E-303 0.717 0.332 

Neut_c1_CCL3 PHACTR1 2.68 5E-139 0.59 0.401 

Neut_c1_CCL3 CCL3 2.39 1E-12 0.383 0.345 

Neut_c1_CCL3 VEGFA 2.35 3E-34 0.428 0.369 

Neut_c2_ISG15 FCGR3B 4.03 0E+00 0.907 0.09 

Neut_c2_ISG15 CXCR2 3.66 0E+00 0.669 0.064 

Neut_c2_ISG15 ISG15 3.08 1E-105 0.627 0.398 

Neut_c2_ISG15 CSF3R 3.07 0E+00 0.9 0.356 

Neut_c2_ISG15 IRF1 3.06 2E-177 0.703 0.405 

Neut_c3_MYO1F CSF3R 4.13 0E+00 0.919 0.353 

Neut_c3_MYO1F SLC25A37 3.75 0E+00 0.789 0.342 

Neut_c3_MYO1F MYO1F 3.70 7E-292 0.747 0.396 

Neut_c3_MYO1F LRRK2 3.45 1E-158 0.533 0.239 

Neut_c3_MYO1F IRF1 2.68 4E-57 0.498 0.408 

Neut_c4_S100A9 CMTM2 5.66 0E+00 0.58 0.024 

Neut_c4_S100A9 CXCR2 5.13 0E+00 0.553 0.031 

Neut_c4_S100A9 FCGR3B 4.60 0E+00 0.769 0.045 

Neut_c4_S100A9 CXCL8 3.55 2E-169 0.491 0.328 

Neut_c4_S100A9 CSF3R 3.40 0E+00 0.796 0.326 

 

 

 

 

 

 

 

 

 

Table 1.8 Mast and neutrophil cell state markers.  Supplementary Table 8 Top 5 differentially expressed genes across mast cell 
and neutrophil states.  
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

Fib_c1_MMP11 SDC1 4.98 0 0.685 0.05 

Fib_c1_MMP11 COL11A1 4.76 0 0.836 0.109 

Fib_c1_MMP11 MMP11 4.50 0 0.843 0.205 

Fib_c1_MMP11 CTHRC1 3.11 0 0.974 0.435 

Fib_c1_MMP11 FAP 1.59 0 0.821 0.386 

Fib_c2_CXCL8 SAA1 7.78 0 0.593 0.041 

Fib_c2_CXCL8 CXCL8 6.30 0 0.581 0.052 

Fib_c2_CXCL8 ADM 4.04 0 0.739 0.183 

Fib_c2_CXCL8 SERPINE1 2.85 0 0.826 0.358 

Fib_c3_C7 PTGDS 2.99 0 0.858 0.329 

Fib_c3_C7 COLEC11 2.93 0 0.607 0.119 

Fib_c3_C7 C7 2.55 0 0.936 0.321 

Fib_c3_C7 C3 1.77 0 0.872 0.349 

Fib_c3_C7 PDGFRA 1.39 0 0.85 0.343 

Fib_c4_CDH19 VIT 6.70 0 0.529 0.018 

Fib_c4_CDH19 CDH19 3.56 0 0.516 0.033 

Fib_c4_CDH19 CYP1B1 2.56 9.42E-207 0.723 0.333 

Fib_c4_CDH19 IGF1 2.20 2.35E-121 0.539 0.229 

Fib_c4_CDH19 PTGDS 0.73 3.13E-28 0.596 0.436 

Fib_c5_HLA CXCR4 5.23 0 0.666 0.139 

Fib_c5_HLA HLA-DRA 2.80 1.41E-239 0.715 0.369 

Fib_c5_HLA CXCL8 2.64 4.42E-66 0.21 0.063 

Fib_c5_HLA HLA-DRB1 1.71 9.00E-77 0.552 0.353 

Fib_c5_HLA CD74 1.24 3.21E-60 0.616 0.485 

Fib_c6_IGF1 IGF1 3.69 0 0.707 0.175 

Fib_c6_IGF1 TNXB 2.99 0 0.525 0.18 

Fib_c6_IGF1 C3 2.27 0 0.852 0.407 

Fib_c6_IGF1 PDGFRA 1.97 0 0.827 0.401 

Fib_c6_IGF1 C7 1.74 0 0.863 0.396 

Supplementary Table 9 Top 5 differentially expressed genes across fibroblast 
cell states.  
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cluster gene avg_log2FC p_val_adj pct.1 pct.2 

EC_c1_ACKR1 ACKR1 6.60 0 0.779 0.038 

EC_c1_ACKR1 SELP 5.61 0 0.717 0.023 

EC_c1_ACKR1 CCL14 5.25 0 0.664 0.047 

EC_c1_ACKR1 VWF 4.23 0 0.934 0.139 

EC_c1_ACKR1 CD74 2.92 0 0.983 0.464 

EC_c2_CCL21 TBX1 10.39 0 0.673 0.002 

EC_c2_CCL21 CCL21 7.79 0 0.93 0.063 

EC_c2_CCL21 FLT4 5.38 2.07e-315 0.729 0.046 

EC_c2_CCL21 CAVIN2 4.32 2.23E-180 0.841 0.152 

EC_c2_CCL21 CCL14 2.62 6.51E-41 0.341 0.074 

EC_c3_RGCC F2RL3 4.88 0 0.659 0.044 

EC_c3_RGCC EXOC3L2 4.43 0 0.357 0.026 

EC_c3_RGCC FLT1 3.97 0 0.806 0.087 

EC_c3_RGCC INHBB 3.78 0 0.421 0.043 

EC_c3_RGCC FLT4 3.73 1.12E-282 0.292 0.026 

EC_c4_SEMA3G SEMA3G 6.39 0 0.657 0.018 

EC_c4_SEMA3G GJA5 5.84 0 0.534 0.035 

EC_c4_SEMA3G JAG2 4.37 0 0.611 0.06 

EC_c4_SEMA3G INHBB 3.01 4.01E-235 0.361 0.065 

EC_c4_SEMA3G FLT1 2.99 0 0.787 0.126 

EC_c5_STEAP4 EXOC3L2 2.62 0 0.518 0.045 

EC_c5_STEAP4 F2RL3 2.56 0 0.731 0.084 

EC_c5_STEAP4 CAVIN2 2.51 0 0.855 0.141 

EC_c5_STEAP4 INHBB 2.46 0 0.574 0.066 

EC_c5_STEAP4 FLT1 2.27 0 0.875 0.134 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2.0 Endothelial cell state markers.  Supplementary Table 10 Top 5 differentially expressed genes across 
endothelial cell states.  
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Publication Feature Gene signatures 

Elyada et al.56 CAFs iCAF, myCAF, apCAF 

Hwang et al.61 CAFs 
Adhesive, Immunomodulatory, Myofibroblastic, 

Neurotropic 

Schupp et al.82 
Endothelial 

cells Lymphatic, Arterial, Capillary, Venous 

Bagaev et al.203 Macrophages M1, M2, Phagocytosis 

Zhou et al.278 Neutrophils TAN, NET 

Chu et al.279 Metabolism 
OXPHOS, Glycolysis, Lipid metabolism, Fatty acid 

metabolism 

Bagaev et al.203 TME 

Angiogenesis, Antitumor cytokines, B cells, CAFs, 
Checkpoint molecules, Co-stimulatory ligands, 
Co-stimulatory receptors, Effector cell traffic, 

Effector cells, Endothelium, Granulocyte traffic, 
Immune Suppression by Myeloid Cells, 

Macrophage and DC traffic, Matrix, Matrix 
remodeling, MHCI, MHCI, Myeloid cell traffic, 

Neutrophil signature, Protumour cytokines, T cells, 
Th1 signature, Th2 signature, Treg, Treg and Th2 

traffic, Tumour proliferation rate 

Moffitt et al.40 Stromal Activated Stroma, Normal Stroma 

Moffitt et al.40 Malignant Basal, Classical 

Collisson et al.39 Malignant Classical, Exocrine, QMA 

Bailey et al.41 Malignant Progenitor, ADEX, Immunogenic, Squamous 

Hwang et al.61 Malignant 

Acinar-like, Classical-like, Basaloid, Squamoid, 
Mesenchymal, Neuroendocrine, Neural-like 

progenitor 

Gavish et al.224 Malignant MP1-41 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Table 11 Curated gene signatures used in gene signature and 
pathway enrichment analyses.  
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Clinical 
characteristics   Total TCGA CPTAC ICGC 

Puleo 
FRA 

Puleo 
BEL 

    n=669 n=176 n=130 n=75 n=209 n=79 

Gender Female 
299 
(44.7%) 

80 
(45.5%) 

61 
(46.9%) 

36 
(48%) 

85 
(40.7%) 

37 
(46.8%) 

  Male 
370 
(55.3%) 

96 
(54.5%) 

69 
(53.1%) 

39 
(52%) 

124 
(59.3%) 

42 
(53.2%) 

Age <65 
179 
(26.8%) 81 (46%) 

65 
(50%) 

33 
(44%) 0 (0%) 0 (0%) 

  >=65 
202 
(30.2%) 95 (54%) 

65 
(50%) 

42 
(56%) 0 (0%) 0 (0%) 

  no data 
288 
(43%) 0 (0%) 0 (0%) 0 (0%) 

209 
(100%) 

79 
(100%) 

Stage I 
57 
(8.5%) 

21 
(11.9%) 

23 
(17.7%) 

5 
(6.7%) 6 (2.9%) 2 (2.5%) 

  II 
334 
(49.9%) 

145 
(82.4%) 

55 
(42.3%) 

66 
(88%) 

47 
(22.5%) 

21 
(26.6%) 

  III 
256 
(38.3%) 4 (2.3%) 

39 
(30%) 

1 
(1.3%) 

156 
(74.6%) 

56 
(70.9%) 

  IV 
16 
(2.4%) 4 (2.3%) 9 (6.9%) 3 (4%) 0 (0%) 0 (0%) 

  no data 6 (0.9%) 2 (1.1%) 4 (3.1%) 0 (0%) 0 (0%) 0 (0%) 

Supplementary Table 12 Clinical characteristics of PDAC bulk RNA-seq datasets. 
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Tumour Non-malignant epithelial 

Mucin 1 (MUC1) Amylase 2A (AMY2A) 

Cadherin 1 (CDH1) AMY2B 

KRT19 Protease serine 1 (PRSS1) 

FXYD domain-
containing ion 

transport regulator 3 
(FXYD3) 

Cystic Fibrosis 
Transmembrane 

Conductance Regulator 
(CFTR) 

KRT17 
Solute Carrier Family 4 

Member 4 (SLC4A4) 

KRT7 
Bicaudal C homolog 1 

(BICC1) 

S100 calcium-
binding protein A4 

(S100A4) 

 

S100A6 

Trefoil factor 1 (TFF1) 

TFF3 

 

 

 

 

 

 

 

 

 

 

Supplementary Table 13 Tumour and non-malignant epithelial gene 
signatures. Derived from Zhou et al.107  
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S1_Basal S2_Classical S3_Cycling_G2/M S4_Progenitor S5_Hypoxia S6_Cycling_G1/S 

CST6 REG4 MKI67 OLFM4 ADM CDC6 

TGFBI TFF1 TOP2A REG1A HDAC9 GINS2 

S100A9 MUC5AC ASPM CLDN2 TRIB3 CDC45 

KRT6A TFF2 CENPF MUC6 DUSP5 E2F1 

PTGS2 PHGR1 GTSE1 PIGR DDIT3 ZNF367 

SERPINE1 CDH17 HMMR SERPINA1 GDF15 DSCC1 

KRT16 CLDN18 UBE2C CLU CREB5 MCM6 

THBS1 PSCA DLGAP5 LYZ PMAIP1 MCM2 

FAM83A CA9 CDKN3 NNMT GADD45B MCM5 

KLK6 VSIG1 CENPE FXYD2 SECTM1 BRCA1 

PODXL DUOXA2 KIF4A PLEKHS1 GULP1 CHAF1A 

S100A4 PLA2G10 NEK2 SERPINA3 PTPRR EXO1 

DCBLD2 SULT1C2 KIF23 CFTR RGCC HELLS 

IGFBP6 CDHR2 TPX2 UGT2B15 RSAD2 UHRF1 

LAMC2 CLRN3 CCNB2 APCS SLC2A1 WDR76 

S100A2 MUC13 KIF2C LCN2 CITED2 CDC25A 

CRABP2 PAQR8 CEP55 ADH1C ERO1A MCM4 

IGFBP7 S100P DEPDC1 COLCA1 IGFBP1 ORC6 

LGALS1 MUC17 CDC20 CRISP3 IL23A BRIP1 

SERPINB2 MUC3A NUSAP1 SCGB3A1 THSD7A CCNE2 

VCAN AOC1 NUF2 BPIFB1 ANKRD37 CDT1 

VIM CDHR5 CCNB1 CXCL17 AREG TEDC2 

ALDH1A3 DUOX2 BIRC5 SOD3 C15orf48 XRCC2 

FGFBP1 AGR2 NCAPG CES1 CLDN23 ASF1B 

FSTL1 CD68 PTTG1 COLGALT2 MUC4 BLM 

WNT7A HPGD CENPA CPVL STEAP4 FEN1 

FLNA MYO1A KIF14 FCGBP IFIT2 POLA2 

PI3 RAPGEFL1 PBK IGFBP2 PIM1 TCF19 

SNCG CREB3L1 BUB1 KCNJ15 ZNF165 CCNE1 

TMEM45A IL1R2 KIF20A MGP ENO2 CHAF1B 

Supplementary Table 14 Gene signatures of the identified cancer cell states. 

 

 

 

 

 



Chapter 8 – Appendix 

158 
 

 

Supplementary Figure 1 Identification of PDAC cellular ecosystems. (a) Pearson correlation network 

of cell states clustered using the Louvain community algorithm. Nodes are coloured based on the 

Louvain clusters. Edge colour indicates the Pearson correlation coefficient. (b) Jaccard similarity matrix 

showing the overlap of cell states between the consensus and Louvain clusters. (c) Table showing the 

core cell states of CE1-5. (d) Network plots of the 5 core CEs, with nodes representing cell states labelled 

with short names and coloured by major cell type. Edge colour indicates the Pearson correlation 

coefficient. (e) Pearson correlation heatmap of remaining cell states and CE abundances. 
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Supplementary Figure 2 Cell state abundance across individual CETs. (a) Heatmap showing the 

scaled cell state abundance across patient samples grouped by their corresponding CET. (b) Boxplots 

comparing the abundance of selected CE5 cell states between CET4 and the other CETs. Statistical 

significance was calculated using a two-sided Wilcoxon rank-sum test.  *P<0.05, **P<0.01, ***P<0.001, 

****P<0.0001. 

 

 



Chapter 8 – Appendix 

160 
 

 

Supplementary Figure 3 Cell type deconvolution benchmarking in the snRNA-seq validation 

dataset. (a) UMAP embeddings of the snRNA-seq dataset (Hwang et al) coloured based on the pre-

annotated cell type annotations. (b) Heatmap showing the refined cell type signature matrix used for 

deconvolution benchmarking. (c) Correlation of estimated cell type abundances with ground truth 

proportions facetted by deconvolution methods. Points are coloured based on the cell type. Both the 

Pearson’s (P) and Spearman’s (S) correlation coefficients are displayed along with the RMSE.  (d) Boxplots 

comparing the cell type -based performance metrics across deconvolution methods. Statistical 
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significance was calculated using a two-sided Wilcoxon rank-sum test using the CTcaller as reference. 

*P<0.05, **P<0.01, ***P<0.001. (e) Bar plots showing the frequency of cell types with significant positive 

correlations (R > 0 and P < 0.05) between their ground truth proportions and estimated proportions. 
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Supplementary Figure 4 Association of TME cell states with patient outcomes. (a) Heatmap showing 

the association of cell states with disease-free survival (DFS) through multivariate Cox regression 

modelling. If cell states are associated with worse outcomes (HR >= 1), the survival association is 

presented as -log10 (p-value). If cell states are associated with improved outcomes (HR < 1), the survival 

association is presented as -log10 (p-value) multiplied by -1. Bar plot on top represents the average the 
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survival association for each cell state. (b) Heatmap showing the association of cell states with overall 

survival (DFS) using the InstaPrism deconvolution method. (c) Correlation matrix comparing the survival 

associations between cohorts for OS (top), and DFS (bottom). Statistical significance was calculated 

using Pearson’s correlation. *P<0.05, **P<0.01, ***P<0.001. (d) Correlation scatter plots comparing the 

survival associations of cell states between the CScaller and InstaPrism deconvolution tools for each 

study. Points are coloured based on cell type. Statistical significance was calculated using Pearson’s 

correlation. 
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Supplementary Figure 5 Comparison of copy number alteration frequency between the scRNA-seq 

and TCGA datasets. (a) Bar plot comparing the chromosome arm amplification frequency between the 

scRNA-seq atlas and TCGA. (b) Bar plot comparing the chromosome arm deletion frequency between 

the scRNA-seq atlas and TCGA. (c) Pearson correlation of the scRNA-seq and TCGA chromosome arm 

amplification frequencies. (d) Pearson correlation of the scRNA-seq and TCGA chromosome arm 

deletion frequencies. Frequent chromosome alterations reported in PDAC are coloured as red. 
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Supplementary Figure 6 Outgoing and Incoming communication signals of CE5. (a-b) Outgoing and 

incoming interactions between malignant cell states and TME cell types of CE5. The bar plot shows 

ligand-receptor pairs enriched in each CE, ranked by the -log10 (p-value), determined using a two-sided 

Wilcoxon rank-sum test. Dot plots show the enrichment of the receptor and ligand, for outgoing and 

incoming signals, respectively. Statistical significance was calculated using a two-sided Wilcoxon rank-

sum test. 
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Supplementary Figure 7 Association of broad CNAs with CE frequencies. (a) Association of CE5 

frequency and chr5q amplification. Kaplan-Meier OS curve of the amplified chr5q. Statistical 

significance was determined using the two-sided log-rank test. (b) Association of CE3 frequency and 

chr3q amplification. Kaplan-Meier OS curve of the amplified chr3q. Statistical significance was 

determined using the two-sided log-rank test. 
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